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Abstract

In the era of digital information overload on the Internet, recommender systems act
as filtering algorithms to provide users with items that might meet their interests
according to expressed preferences and items’ properties and characteristics. Among
the various recommendation paradigms so far, collaborative filtering has represented
the most successful one thanks to the easy application of its recommendation algorithms
whose high level performance in terms of recommendation accuracy is widely recognized.
Despite the recent success of machine and deep learning techniques for collaborative
filtering which have been effectively applied to recommender systems to improve the
learning and profiling abilities of such models, recommendation still remains an highly-
challenging task. Among the most debated open issues in the community, this thesis
considers two algorithmic and conceptual ones, namely: (i) the inexplicable nature of
users’ preferences, especially when they come in the form of implicit feedback; (ii) the
effective exploitation of the collaborative information in the designing and training of
recommendation models.

In specific scenarios and domains such as fashion, food, tourism, and media content
recommendation, the shallow item’s profile, commonly based upon the information
conveyed within the user-item interactions only, may be enhanced through the multi-
faceted characteristics describing items. Driven from these assumptions, in the first part
of this thesis, we propose to apply multimodal deep learning strategies for multimedia
recommendation; the scope is to study and design recommendation algorithms based
upon the principles of multimodality to possibly match each items’ characteristic to
the implicit preference expressed by the user, thus addressing the (i) issue.

Recent collaborative filtering approaches leverage the representational power of
machine learning systems to profile users and items through embedding vectors in the
latent space. In doing so, however, such recommendation models disregard a wide range
of structural properties which are naturally encoded into the user-item interaction
data. Indeed, recommendation datasets are easily describable under the topology of a
bipartite and undirected graph, with users and items being the graph nodes connected

at multiple distance hops. In this respect, the application of graph neural networks,
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recent machine learning techniques specifically tailored to learn from non-euclidean
data, is of the utmost importance to provide a refined representation of users and
items which can mine near- and long-distance relationships in the user-item graphs.
Indeed, this is one possible way to exploit the collaborative signal, which is effectively
propagated within the user-item graph, thus addressing the (ii) issue.

Far from considering multimodal-aware and graph-based recommender systems
from a separate perspective, this thesis conclusively aims to match the two families of
recommendation strategies to propose an approach leveraging graph neural networks
and multimodal information data. In seeking this joint research objective, other
numerous micro aspects within the two macro areas (introduced above) are examined.
Indeed, the thesis is a systematic compendium of careful additional analyses regarding,
among the others, reproducibility, novel evaluation dimensions, and tasks and scenarios

complementary to recommendation.
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Chapter 1
Introduction

With the advent of the Internet and the World Wide Web, several popular companies
decided to invest into online platforms to advertise their products and/or services to
customers all over the world. Most of people in today’s society devotes an increasing
portion of the daily routine into navigating through web pages offering, among the
others, fashion items or electronic devices on e-commerce platforms, micro-videos, TV
series, or movies on video streaming platforms, songs or podcasts on music streaming
platforms, and restaurants or locations of interest on booking and tourism platforms.

Due to the ever-growing plethora of products/services offered on online platforms,
customers might easily feel lost when surfing such heterogeneous and large catalogues,
also considering that customers are not usually completely sure of their own preferences
and tastes. Recommender systems (RSs) [260] have been efficiently employed to
mitigate the so-called information overload problem, given their capability to profile
users and items and filter only those products/services which might be of interest to
customers. In this respect, the scientific literature enumerates diverse strategies and
paradigms to address the recommendation task, from shallower solutions based upon
heuristics and similarity measures [246, 259, 271] to more nuanced approaches which
make use of the most recent advances in machine and deep learning to train powerful
representation algorithms [126, 128, 160, 216, 371].

Among the most successful stories in recommendation, collaborative filtering
(CF) [94] has settled as one of the most popular one, thanks to its easy rationales and
applicability. Indeed, the core idea behind CF is that users which have interacted with
the same items in the past might likely share tastes and preferences, thus justifying
the recommendation of similar items in the near future. Particularly, the current
literature regarding CF approaches for recommendation indicates that factorization-
based models [126, 128, 160] represent the state-of-the-art solutions. In a nutshell,
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factorization-based approaches in CF work by mapping users and items in the system
to embedded vectors in the latent space, and optimize a loss function driven by specific
task or objective to pursue [216].

Despite the recognized success of CF techniques, recommendation still remains a
challenging task. Among the open research challenges in the community, two of the most
fundamental ones regard (i) the inexplicable nature of users’ feedback [60], especially
when it comes in implicit form (e.g., like/dislike, view /not-view); (ii) the useful and
meaningful exploitation of the collaborative signal [325] in novel recommendation
systems. In order to address (i) and (ii), diverse solutions have been proposed so far.

As for the (i) open challenge, there exist recommendation scenarios and domains,
such as fashion [65, 361, 380], music [70, 236, 312], video [45, 67, 339], food [171, 222,
321], and tourism [274] recommendation, where the multi-faceted content character-
izing items and users’ preferences towards items can help generating more accurate
recommendations with respect to traditional recommendation models which make
use of the only information conveyed by the user-item interaction matrix. Recom-
mendation algorithms leveraging multimedia content [189, 269, 309, 404] suitably
embody the exploitation of multimodal side information [125, 338, 339, 382, 406, 407]
(e.g., product images and descriptions, users’ reviews, audio tracks) to enhance the
representational power of embedded users’ and items’ profiles. By injecting high-level
multimodal features extracted through deep learning models pre-trained for image
classification [122], text sentiment analysis [256], and audio classification [130] into the
recommendation downstream task, such models have continued to raise the performance
limits of recommender systems for some time now.

Collaborative filtering (CF) promotes the idea of similar users interacting with
similar items. Put into other words, the CF rationale may be defined as the collab-
orative signal of users and items interacting at multiple distance hops. Despite CF
increasingly-popular application to the task of recommendation, the question is “are
we really using the collaborative signal in the proper and most meaningful way?” [325].
When it comes to factorization-based approaches such as matrix factorization with
Bayesian personalized ranking (MFBPR) [258], an argument might be said that the
collaborative signal is only exploited in the formulation of the loss function (i.e.,
BPR). However, this is never employed to learn more refined users’ and items’ latent
embeddings. In this respect, graph neural networks [51, 119, 410] are powerful and
recent machine learning architectures which work on graph-like data (such as users
and items interactions in a recommendation system) through the message-passing

paradigm. That is, node representations (users and items) are iteratively refined
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through the representations of nodes from the neighborhood, at increasing distance hops.
Graph-based recommender systems [32, 46, 126, 217, 248, 307, 324, 325, 343] have
recently taken over personalized recommendation, provide incredibly-higher accuracy
performance to traditional approaches in CF.

Multimodal-aware and graph-based recommendation systems are indubitably among
the trending algorithms in recommender systems in the last few years. Thus, it becomes
important, if not imperative, to consider how and to what extent integrating their
diverse but complementary strategies into a unique recommendation framework. The
idea is to identify the current pitfalls in both families of recommender systems, and

combine them to help strengthening one another.

1.1 Thesis Statement

The content of this thesis is organized into thematic chapters, where each chapter
reports on the background notions, analyses, and proposals from the papers which
refer to that specific theme. Note that the papers ordering across the various chapters
do not necessarily follow the chronological one; indeed, the idea was to provide an
as much comprehensive and cohesive narrative as possible across the whole thesis,
from multimodal-aware recommender systems and graph-based recommendation, to
conclusively combine the two solutions.

To begin with, Chapter 2 and Chapter 3 provide the useful background notions and
definitions regarding recommender systems and graph neural networks, respectively.
Indeed, they represent the two main research topics of this thesis, and their formal
presentation comes as essential to the other chapters in the thesis.

Then, the main research contributions are extensively described in Chapter 4,
Chapter 5, Chapter 6, Chapter 7. Concretely, Chapter 4 and Chapter 5 are devoted to
the formalization, theoretical /empirical analysis, and proposal of novel approaches in
multimodal-aware recommendation; in a complementary manner, Chapter 6 provides a
comprehensive introduction to graph-based recommendation, by considering different
and novel evaluation dimensions which help unveiling unexpected and interesting
aspects in the same topic; conclusively, Chapter 7 proposes a cohesive combination
of multimodal-aware and graph-based recommender systems, through an insightful
analysis of their multi-sided performance, and a novel graph-based recommendation
approach which aims to overcome known issue in the related literature through the

injection of multimodal content.
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In conclusion, Chapter 8 wraps up the main take-home messages of this thesis.
Intentionally, a separate chapter (i.e., Chapter 9) has been devoted to introducing
the future research directions of this thesis. Indeed, we decide to provide intuitions,
formalizations, and preliminary experimental results of the possible new research paths

that naturally derive from the findings proposed in this thesis.

1.2 Research Contributions

The current section aims to offer a synthetic but comprehensive overview of the research
contributions from this thesis, as organized into thematic chapters. For each of them,
we briefly summarize the content, report on the related publications, and give complete
details about the role of the Ph.D. candidate, Daniele Malitesta, in such publications.
Note that, in all the papers cited in this section, and as already indicated in the thesis

preamble, Daniele Malitesta is the corresponding author.

1.2.1 Chapter 4: Formalizing multimedia recommendation
Contributions

While recommendation systems leveraging multimedia content have long established as
successful and efficient approaches in the literature, their application of multimodal deep
learning strategies remains not clearly defined, formalized, and empirically analyzed.
To this end, this chapter provides one of the first formal re-definition of multimedia
recommendation under the lens of multimodal deep learning. A careful study of the
related literature helps recognizing recurrent patterns in adopting multimodal strategies
for multimedia recommendation to design a formal and unified scheme, conceptually

applicable to exisiting multimedia recommender systems.

Publications

The chapter covers the topics presented and explored in “Formalizing Multimedia
Recommendation through Multimodal Deep Learning” [205], currently under review at

ACM Transactions on Recommender Systems Journal (TORS).

Ph.D. candidate’s role

Daniele Malitesta is the corresponding author of the paper [205].
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1.2.2 Chapter 5: Leveraging the visual modality in multimedia

recommendation
Contributions

The chapter deals with one of the possible application of multimodal-aware recom-
mendation, that of visually-aware recommender systems. This family of recommender
systems leverage the visual modality to enhance the representation of items and users’
preferences towards items. The chapter opens with the proposal of a framework
for the extraction of multimodal features in recommendation (Ducho) which can be
easily and seamlessly integrated with V-Elliot, our proposed framework for rigorous
and reproducible evaluation of visually-aware recommender systems. The so-built
visual-based recommendation pipeline paves the way to multiple empirical analyses
on the performance of such models, especially in terms of the pre-trained deep learn-
ing network adopted to extract high-level visual features from product images. The
presented findings are eventually applied to two scenarios and settings: (i) fashion
recommendation, with the proposal of a novel visually-aware recommender system
which is capable of disentangling users’ preferences at the granularity of content-style
representation of product images; (ii) the application of adversarial attacks to product
images to drive the recommendation of niche products close to the one of popular

products, along with the evaluation on the efficacy of defensive countermeasures.

Publications

The chapter covers the topics presented and explored in “Ducho: A Unified Framework
for the Extraction of Multimodal Features in Recommendation” [208], presented at the
31st International Conference on Multimedia (MM 2023); “V-Elliot: Design, Evaluate
and Tune Visual Recommender Systems” [12], presented at the 15th Conference
on Recommender Systems (RecSys 2021); “A Study on the Relative Importance
of Convolutional Neural Networks in Visually-Aware Recommender Systems” [82],
presented at the 4th Workshop on Computer Vision for Fashion, Arts, and Design, co-
located with the 2021 Conference on Computer Vision and Pattern Recognition (CVPR
2021); “Leveraging Content-Style Item Representation for Visual Recommendation” [83],
presented at the 44th European Conference on Information Retrieval (ECIR 2022);
“Assessing Perceptual and Recommendation Mutation of Adversarially-Poisoned Visual
Recommenders” [21], presented at the Discussion Papers co-located with the 20th
International Conference of the Italian Association for Artificial Intelligence (AIxIA
2021).
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Ph.D. candidate’s role

Daniele Malitesta is the corresponding author of the papers [12, 21, 82, 83, 208].

1.2.3 Chapter 6: Evaluation of graph-based recommender

systems
Contributions

The chapter delves into an extensive evaluation of graph-based recommendation. First,
an out-of-the-box application extending the Elliot framework and using CUDA tech-
nologies with Docker is presented. Then, the framework is exploited to run a complete
reproducibility study on selected graph-based recommender systems, indicating how
traditional recommendation approaches, such as neighborhood-based ones, may un-
expectedly outperform the selected graph-based solutions. Indeed, an analysis on
the information conveyed by node degree at multiple distance hops unveils that the
performance of (graph-based) recommender systems may depend on the properties of
the dataset such models are trained on. These findings open to more careful and novel
investigations on the possible dependences between the topological characteristics of
recommendation datasets (measured as node degree, clustering coefficient, and degree
assortativity) and recommendation performance of graph-based recommender systems.
Conclusively, the chapter outlines a formal taxonomy of graph-based recommendation
approaches from the literature, which recognizes node representation and neighborhood
exploration as the main steps in the usual graph-based recommendation pipeline.
The exploration of different solutions for the node representation and neighborhood
exploration shows significant performance variations when considering accuracy and
beyond-accuracy recommendation measures, separately and jointly in a multi-objective

evaluation setting.

Publications

The chapter covers the topics presented and explored in “An Out-of-the-Box Application
for Reproducible Graph Collaborative Filtering extending the Elliot Framework” [210],
presented at the 31st Conference on User Modeling, Adaptation, and Personalization
(UMAP 2023); “Challenging the Myth of Graph Collaborative Filtering: a Reasoned
and Reproducibility-driven Analysis” [20], presented at the 17th Conference on Recom-
mender Systems (RecSys 2023); “A Topology-aware Analysis of Graph Collaborative
Fitering” [209], under review at the 2nd Learning on Graphs Conference (LoG 2023);
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“How Neighborhood Exploration influences Novelty and Diversity in Graph Collabora-
tive Filtering” [18], presented at the 2nd Workshop on Multi-Objective Recommender
Systems, co-located with the 16th Conference on Recommender Systems (RecSys 2022);
“Auditing Consumer- and Producer-Fairness in Graph Collaborative Filtering” [17],
presented at the 45th European Conference on Information Retrieval (ECIR 2023);
“Examining Fairness in Graph-Based Collaborative Filtering: A Consumer and Pro-
ducer Perspective” [240], presented at the 13th Italian Information Retrieval Workshop
(IIR 2023).

Ph.D. candidate’s role

Daniele Malitesta is the corresponding author of the papers [17, 18, 20, 209, 210, 240].

1.2.4 Chapter 7: Graph-based recommendation exploiting

multimodal information
Contributions

The ultimate objective of this thesis is to bring multimodality to graph-based recom-
mendation to empower the latter with the high-level multimodal features enhancing
the representation of users and items; the purpose is to tackle both conceptual issues
(inexplicable nature of implicit feedback) and, consequently, algorithmical issues (such
as oversmoothing). In this respect, this chapter provides an innovative analysis on
the performance of state-of-the-art graph-based recommender systems leveraging mul-
timodal information under several evaluation perspectives encompassing, among the
others, novelty, diversity, bias, and fairness recommendation measures. On such a basis,
the chapter ends with the proposal of a novel graph-based recommendation approach
which leverages users’ generated reviews as the textual features to characterize edges
in the user-item bipartite graph. By revisiting the implicit feedback issue as a node
representation error in the application of the message passing, the proposed solution
adopts the sentiment conveyed by the reviews as a way to address the issue and, as

positive side effect, mitigate the negative effects of oversmoothing.

Publications

The chapter covers the topics presented and explored in “Disentangling the Performance
Puzzle of Multimodal-aware Recommender Systems” [206], presented at the 2nd
Workshop on A Well-Rounded Evaluation of Recommender Systems (EvalRS), co-
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located with the 29th SIGKDD on Knowledge Discovery and Data Mining (KDD 2023);
“On Popularity Bias of Multimodal-aware Recommender Systems: a Modalities-driven
Analysis” [207], presented at the 1st Workshop on Deep Multimodal Learning for
Information Retrieval (MMIR), co-located with the 31st International Conference
on Multimedia (MM 2023); “Reshaping Graph Recommendation with Edge Graph
Collaborative Filtering and Customer Reviews” [19], presented at the Workshop on
Deep Learning for Search and Recommendation (DL2SR), co-located with the 31st
ACM International Conference on Information & Knowledge Management (CIKM
2022).

Ph.D. candidate’s role

Daniele Malitesta is the corresponding author of the papers [19, 206, 207].

1.3 Bibliographical Notes

For the sake of completeness, in this last section, we report on the publications which
have been listed in the Publications section in the preamble of this thesis, but have not
been cited among the research contributions. Specifically, we categorize them into two
groups, namely: (i) research contributions regarding the main topics of this thesis that
cannot properly be considered as paper publications (e.g., workshops and tutorials); (ii)
other publications whose topics are similar/related to those of this thesis and where, in

same cases, the Ph.D. candidate (Daniele Malitesta) is not the corresponding author.

Workshops and tutorials

o “First International Workshop on Graph-Based Approaches in Information Re-
trieval (IRonGraphs 2024)”, accepted as workshop at the 46th European Confer-
ence on Information Retrieval (ECIR 2024).

o “Graph Neural Networks for Recommendation: Reproducibility, Graph Topology,
and Node Representation” [211], accepted as tutorial at the 2nd Learning on
Graphs Conference (LoG 2023).

Other publications
GNNs and KGs for recommendation




1.3 Bibliographical Notes 9

o “KGTORe: Tailored Recommendations through Knowledge-aware GNN Mod-
els” [212], accepted at the 17th Conference on Recommender Systems (RecSys
2023).

Adversarial attacks and defenses for visually-aware recommender systems

e “A Study of Defensive Methods to Protect Visual Recommendation Against
Adversarial Manipulation of Images” [16], accepted at the 44th International
SIGIR Conference on Research and Development in Information Retrieval (SIGIR
2021).

o “Adversarial Attacks against Visual Recommendation: an Investigation on
the Influence of Items’ Popularity” [22], accepted at the Workshop on Online
Misinformation- and Harm-Aware Recommender Systems (OHARS), co-located
with the 15th Conference on Recommender Systems (RecSys 2021).

e “Denoise to Protect: A Method to Robustify Visual Recommenders from Adver-
saries” [220], accepted at the 46th International SIGIR Conference on Research
and Development in Information Retrieval (SIGIR 2023).

Elliot, a framework for reproducibile recommender systems and their evaluation

e “The Challenging Reproducibility Task in Recommender Systems Research be-
tween Traditional and Deep Learning Models” [10], accepted at the 30th Sympo-
sium on Advanced Database System (SEBD 2022).

o “Elliot: A Comprehensive and Rigorous Framework for Reproducible Recom-
mender Systems Evaluation” [11], accepted at the 44th International SIGIR

Conference on Research and Development in Information Retrieval (SIGIR 2021).

« “How to Perform Reproducible Experiments in the ELLIOT Recommendation
Framework: Data Processing, Model Selection, and Performance” [13], accepted
at the 11th Italian Information Retrieval Workshop (IIR 2021). Evaluation






Chapter 2

Background on recommender

systems

In the era of online platforms for e-commerce, media content delivery, tourism, food,
and social networks, recommender systems play the key role of bridging the gap
between customers’ needs and products/services offered on such platforms. Specifically,
recommender systems are (machine learning) algorithms aimed to exploit recorded
user-item interactions to unveil hidden preference patterns, thus suggesting novel
items to users. This chapter is devoted to the presentation and formalization of the
personalized recommendation scenario. First, we provide the formal definitions for
the recommendation task(s). Then, we deep dive into a widely-recognized taxonomy
of popular recommendation approaches. Finally, we take into account the common
recommendation pipeline, by focusing on three of its main stages. In this respect, we
consider (i) the recommendation input to inject in the system, (ii) the optimization
technique (in the case of model-based recommender systems) with an optional stage for
negative sampling of items, and (iii) the evaluation protocol to evaluate the performance
of any recommender system. The content of this chapter is inspired by [260] and other

papers we will cite in the following.

2.1 Preliminaries

Let U and Z be the sets of users and items in the recommendation system, respectively,
where [U| = N and |Z| = M. Then, let R € RVXM be the user-item preference matrix,
whose entries are continuous values such as the range {1,...,5} (ezplicit feedback) or
binary values such as {0,1} (implicit feedback). In the case of implicit feedback, note

that the value 0 may not necessarily indicate that the user disliked a specific item; in
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a more broader sense, the value 0 stands for an item that has not been interacted by
the user yet. In this respect, we may also define the set of items the user u € U has
interacted with (i.e., her positive items) as Z; = {i € Z | Ry; = 1}. Trivially, the set of
items the user has not interacted with yet is defined as Z,, ={i € Z| Ry; =0} =Z\ Z;".
Since the set of negative items Z, might be quite large for most of the users, we
devote Section 2.3.2 to the presentation of the most popular techniques in the literature
to perform negative sampling.

Based upon the notions and background concepts provided above, in the following,
we formalize two of the most commont tasks in recommendation, namely, rating
prediction and top-k recommendation. The two tasks are inherently and conceptually

related, but show some differences we seek to outline.

2.1.1 Rating prediction

Let u e U and i € Z,; be a user and one of her negative items, respectively. The task of
rating prediction is about finding the function which maps the selected user and item

to the predicted rating the user may express about the item. The function definition is:
RATING PREDICTION: U xZ — R. (2.1)

For example, the predicted rating for user u and her negative item ¢ is obtained as:

A

Ryi = p(u,1), (2.2)

where p(-) is the rating prediction function defined above. Note that the task of rating
prediction may be casted to a regression or binary classification task. Indeed, in an
explicit feedback scenario, the regression task is the most suitable one to model rating
prediction. On the contrary, in an implicit feedback setting, binary classification is the

most suitable one to model rating prediction.

2.1.2 Top-k recommendation

Let u € U be a user in the recommendation system, and k£ be a threshold to filter out
items from the negative item setting of u, namely, Z, [k]. The top-k recommendation
task is defined as finding the utility function according to which the negative items of

each user are sorted in descending order and filtered out to select the top-k negative
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items. The function definition is:
TOP-k RECOMMENDATION: U xZ — R. (2.3)
For example, the predicted utility for user v and her negative item ¢ is obtained as:
Sui = o(u,i), (2.4)

where o(-) is the utility prediction function defined above. On such a basis, we retrieve,

for each user, the list of k£ negative with the highest utility score:

il)

2.17
u— : (2.5)

Uk

where items have been re-indexed according to the values of S’u*, such that S’uo > §u1 >
Sl > guk Trivially, it becomes evident how the utility prediction function o(-) and
the rating prediction function p(-) may overlap. Indeed, The top-k recommendation
task can be considered as one possible following step after the rating prediction task,
where items are re-ordered for each user according to their predicted score.

It is also important to mention that most of the machine learning based approaches
in recommendation which are designed and evaluated to pursue the task of top-k
recommendation do not explicitly optimize a ranking-driven loss function during their
training. Indeed, the common practice is to optimize a loss function which minimizes
the error in predicting the interaction scores (i.e., rating prediction task), or an hybrid
loss function which considers predicted scores for both positive and negative items.

This aspect will be widely presented in Section 2.3.2.

2.2 Taxonomy of recommender systems

The history of recommender systems have known several approaches raising and
settling as state-of-the-art solutions in the community. Despite the large plethora
of recommendation techniques proposed so far, the literature recognizes three main
families of recommender systems, that may be categorized according to the following

taxonomy: (i) collaborative filtering approaches, (ii) content-based approaches, and
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(iii) hybrid approaches. In the following, we present each of these recommendation
families by describing their main ideas and formulations, along with some of the most

popular techniques from the state-of-the-art.

2.2.1 Collaborative filtering approaches

Collaborative filtering [94] (CF) is currently among the prominent paradigms in
recommendation. Recommendation approaches following the CF solution promote the
idea that similar users (in terms of similar user profiles) may interact with similar items
in the future. On such a basis, CF approaches heavily rely on the availability of user
interactions with items. In the following, we present two of the main subcategories
of recommender systems adopting the CF rationale, namely, neighborhood-based and

model-based approaches.

Neighborhood-based approaches

Among the pioneer approaches in CF, neighborhood-based ones leverage the concept
of users’ or items’ similarities based upon some heuristics.
For instance, ItemkNN [271] predicts whether a user v and an item ¢ could interact

depending on the similarity between ¢ and the other items u has interacted with:

pHem NNy i) = S sim(i, j), (2.6)
JETT

where Z is the set of items interacted by user u, while sim(-) is a similarity function
(e.g., the cosine similarity) computed between the i-th and j-th column vectors of the
user-item interaction matrix. For computational purposes, often times the set Z;I is
restricted to the k-most similar items.

The dual approach, UserkNN [259], estimates the interaction score of (u,7) based

upon the similarity between u and the other users ¢ has been interacted by:

pUSeENN (4, ) = > sim(u,v), (2.7)
UGM{"

where, complementarily to above, Z/{Z'Jr is the set of users that interacted with item 1.
Finally, another famous and efficient solution in this family of recommender systems

is RP33 [246]. This technique is based upon the random walk process performed within

the user-item interaction graph. Specifically, the authors discuss about the possibility

to model the user navigation throughout the item catalogue through a 3-hops random
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walk. That is, user u starts by exploring one of the interacted items at random (1st
hop), then goes through one of the users who interacted with that itemm (2nd hop),
and finally picks one of the other items that user has interacted with (3rd hop). Let
D € RVHM)X(N+M) 16 the diagonal matrix where each element in the diagonal is the

degree of a user or an item. The probability matrix P € RNVTM)X(N+M) of 5 yger
picking any of the interacted item is given by:
P=D"'A, (2.8)

where A € RVEM)x(N+M) 5 the adjacency matrix obtained from the user-item in-
teraction matrix R (refer to Section 3.1.2 for a general description of the adjacency
matrix for graph neural network models). By generalizing, after | random walk hops,

the probability matrix is calculated as:
P"= (D'A)" (2.9)

On such a basis, the final formulation the authors provide is given by:

RP38/ -\ _ Py
p (u,i) = —5 (2.10)
g
where p3; is the entry of the P3 matrix corresponding to user u and item i, while
d;; is the i-th entry of the diagonal matrix D with g € R, 5 > 0.0. Note that the
[ factor serves as flattening term to promote the diversity of recommended items
(see Section 2.3.3). When calculating the utility score for user v and two items ¢ and 7,
and assuming that p3, ~ pzj (i.e., the probability of reaching the two items through
random walk is almost equal), the predicted utility score should not be penalized for

that one item having a smaller degree (i.e., smaller number of recorded interactions).

Model-based approaches

With the advent of machine and deep learning, model-based recommender systems have
increasingly taken over personalized recommendation. Differently from neighborhood-
based approaches, such solutions exploit the user-item interaction matrix to learn a
parametric rating/utility function to predict the rating/utility score of any user-item
pair. Among the various techniques proposed in the literature, factorization-based ones

have been largely adopted over the years. The main rationale is to represent users’ and
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items’ profiles through latent embeddings, and learn their weights by optimize some
loss function (see Section 2.3.2).

Specifically, we indicate with e, € R? and e; € R? the embeddings for user u
and item ¢ and, generally, d < N, M. One of the widely-popular approaches, matrix
factorization [160] (MF), estimates the user-item interaction score through the dot
product of their embeddings:

M (u,i)=ele;. (2.11)

By leveraging the representational power of deep neural networks, in neural collaborative
filtering [128] (NCF), the authors propose to predict the user-item interaction score
through the following;:

PN (u,) = o (W - (mip(ley, ei]) + e, @e))), (2.12)

where o(-) is an activation function (e.g., the sigmoid), W is a weight matrix, mip(-)
is a multilayer perceptron where the input is the concatenation of the user and item
embeddings, and ® is the element-wise product. In SimpleX [216], the authors introduce
a score function which is based upon the importance of the items interacted by each

user:
pPImPIeX () = o (aey + (1 — )W -€)), (2.13)

where sim(-) is a similarity function (e.g., the cosine similarity), « is a weighting
hyper-parameter, W is a weight matrix, and €], is obtained as the weighted aggregation

(e.g., through attention) of the embeddings of the items interacted by wu.

2.2.2 Content-based approaches

Differently from collaborative filtering approaches in recommendation, content-based
recommender systems [233] leverage the content information describing users and items
in the system. In the case of items, they are generally represented through attribute
metadata, or through any other source of structured data such as knowledge graphs or
images/texts. Recommendation in content-based recommender systems usuall involves
three core steps [38, 107], namely: (i) representation of items’ content in a proper and
meaningful description space; (ii) learning of users’ profile by collecting their preference
data in the form of interacted items’ content and trying to generalize on it; (iii) items’
filtering to suggest relevant items to each user according to her preference. Based upon
the way such algorithms are designed, they can effectively be used to tackle some issues

in the literature such as the cold-start issue (see later), as each (new) item in the system
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comes with its descriptive content. At the same time, learning users’ profiles through
the items’ content may drive the algorithm towards an overspecialization scenario
where the recommender tends to recommend items which are too much homogeneous
to the ones the user has already interacted with; this may undermine other objectives

such as diversity and novelty of recommendations (see Section 2.3.3).

2.2.3 Hybrid approaches

As their name suggest, hybrid approaches [7] in recommendation are designed to
incorporate the positive aspects of both collaborative filtering and content-based
recommendation systems. Indeed, most of the recent and current solutions in recom-
mendation, especially when it comes to multimedia- and knowledge-aware recommender
systems, may be defined as hybrid approaches. In this respect, all the recommender
systems which are going to be presented in this dissertation, both the evaluated ones

and the proposed ones, should be intended as hybrid recommender systems.

2.3 The recommendation pipeline

The usual recommendation pipeline to find the suitable rating/utility function may de-
pend on the specific recommendation approach. In the case of model-based approaches
(using machine learning techniques), the pipeline essentially comprises three stages [11],
namely: (i) the input processing and injection into the recommender system, (ii) the
model optimization through a loss function and the optional items’ negative sampling,
and (iii) the evaluation of the performance. On the contrary, as for neighborhood-based
approaches, only (i) and (iii) take place. In the following, we explore and describe each

of these stages of the pipeline.

2.3.1 Recommendation input

Providing meaningful input data to the recommendation system is of the utmost
importance to produce high-quality recommendations. Depending on the type of
recommender system, the injected inputs may change. Nevertheless, in the simplest
configuration, any recommender system takes as input the user-item interaction matrix
R, as well as the list of users and items in the system.

Then, when considering content-based or hybrid recommender systems, users and
items may come with additional content or side information which provide further

description of their profiles, independently on the recorded user-item interactions. For
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instance, in specific scenarios and domains such as fashion recommendation, items
representation can be enhanced through visual/textual features extracted from product
images/descriptions. For other similar examples, consider again the cases presented
in Section 2.2.2 and Section 2.2.3.

Finally, data input might undergo some pre-processing operations. While the
existing literature enumerates a wide range of approaches for data pre-processing, here
we describe one the most popularly-adopted one, namely, the p-core. Before presenting
the p-core, it becomes essential to provide a formal distinction between cold/warm
users and items. Under a certain threshold p, warm (cold) users are those users who
have more (less) than p interactions; trivially, warm users are the most active ones
on the platform, while cold users are the least active ones. On the item side, the
definition applies similarly. That is, under a certain threshold p, warm (cold) items
are those items having more (less) than p interactions in the systems; trivially, warm
items are the most popular ones, cold items are the least popular ones. Note that other
definitions of warm/cold users and items exist; however, the one presented above is
strictly related to the formulation of the p-core we introduce in the following.

In this sense, the p-core technique can be applied to both users and items in the
recommendation system. In general, the p-core strategy filters out users (items) which
have less than p interactions in the user-item interaction matrix. This approach is
usually adopted to retain only warm users (items) in the system, and it is strictly
related to the known issue of cold-start. Indeed, when keeping only users having more
than p interactions in the system, we allow the recommendation algorithm to uncover
preference patterns from a richer source of data. Conversely, without the application of
the p-core, all users are taken into account during the designing of the recommendation
approach; indeed, the recommender system may be not capable to infer preference
predictions over cold users as much as it does on warm users. Trivially, the dual is

true on the item side.

2.3.2 Optimization and negative sampling

This pipeline stage [216] is involved only in the case of model-based recommendation
approaches. As recognised in the related literature, approaches in recommendation
mainly adopt five training objectives. Note that, in some of the described optimizations,
strategies for items’ negative sampling are adopted.

Indeed, the most popular one is Bayesian personalized ranking (BPR), whose
rationale drives from the concept of interacted (i.e., positive) and non-interacted (i.e.,

negative) items for each user in the catalogue. Let T = {(u,1,7)|i € L, Nj €L, } be
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a set of triples including, for each user u, a positive and a negative item. BPR seeks to
maximize the posterior probability of each user u preferring a positive item i over a

negative item j. Thus, the BPR loss function is calculated as:

LPPRO)=~ 3 Ino(Ry— Ruy), (2.14)
(u,i,4)ET

where © is the vector of all model’s weights (e.g., in the case of MF, the user and item
embeddings), o(-) is the sigmoid function, and }A‘Zm,f{uj are the predicted scores for
the pairs of user u with the positive item ¢, and user v with the negative item j.

The pairwise hinge loss (PH) works by maximizing the distance between the user-
positive item pair and the user-negative item pair, at least under a certain marginal
threshold. Let 7+ ={(u,i) |i €Z} and T~ ={(u,j) | j € Z, } be the sets of pairs of
users and their positive items, and user and their negative items. Then, the PH loss is
defined as:

o) = > Y wuilmtlles—eill* —llew—e;l’]+, (2.15)
(ud) €T (u,f)ET

where w,; is a ranking loss weight, m > 0 is the margin size, and [z]+ = maz(z,0).
The binary cross-entropy loss (BCE) is adopted for the task of binary classification,

discerning whether an item should be classified as positive or negative for a given user:

A A

‘CBCE(@) == Z Ruk1n<Ruk) + (1 - Ruk)ln(l - Ruk)a (2‘16)

(u,k)eTTUT
where R, = 1if k € Z,], 0 otherwise. The multiclass version of the previous loss implies
the recast of the item recommendation problem to a multiclass classification one where,
for each user, the model predicts which of the items (from the whole catalogue) the

user will likely interact with. Such a loss function is named softmax cross-entropy loss
(SCE), and is calculated as:

A

LB =-FY % Ruk1n< exXp(Huk) ) , (2.17)

ueU kel ZUGI eXp(Ruv>

where exp(-) is the exponential function.
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The mean square error (MSE) measures the distance between the true and predicted

score for each user-item pair:

LEO)= Y (Ru—Ru)* (2.18)
(u,k)eTHUT—

While we defined 7, as the set of all negative items for user u, oftentimes it is
computationally-expensive to work with such a large set of elements. For this reason,
the common approach is to sample a subset of negative items for each user, namely,
negative sampling. Indeed, the authors of BPR suggest to sample, for each pair of
user-positive item, only one negative item for that user. Nevertheless, the solution can
be trivially generalized to sampling M~ negative items for each user.

Let Z; be the set of sampled negative items for user u, with [Z,| = M~. An
additional training objective which have been successfully adopted over the last few
years in the literature is the contrastive loss. For instance, the authors in SimpleX

propose a cosine contrastive loss (CC) defined as:

A w N
£0@) = Y (1 Ru) -2 S [Ruy— ], (219)
(ug)eT+ jely

where m is a margin size as in the PH loss, while w controls the relative weights of the

two addendum of the loss.

2.3.3 Evaluation

The final stage of any recommendation pipeline is the evaluation of the performance of
the recommender system. In the following, we analyze two major aspects, regarding

the (i) dataset splitting paradigm, and (ii) the metrics formulation.

Dataset splitting

Before introducing the formulations for all evaluation metrics, it is fundamental (as
in any machine learning task) to separate the data into three sets, defined as train,
validation, and test sets. In this respect, the literature enumerates different strategies
for dataset splitting.

As already done in previous sections of this chapter, we remind just few of them,
according to their popularity. Generally, the main strategies for dataset splitting are
twofold, depending on whether they are performed via a (i) random splitting or (ii)

time-aware splitting.
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In the random setting, user-item interactions are split in a random manner into
train, validation, and test sets. This random splitting may be random on the whole
set of user-item interactions, or may be performed at wuser-level. In this latter case,
interactions are split so that, for each user, a certain percentage of her interactions stay
in the train, validation, and test sets (e.g., 80%, 10%, and 10% as a general practice).
Trivially, it becomes evident that in the first scenario, it might happen that not all
initial users are retained in the training, validation, and test sets. On the contrary,
when performing a random splitting on user-level, it is quite likely the whole set of
initial users will be present in all the three sets.

Conversely, the time-aware splitting requires an indication of when any user-
item interaction occurred. On such a basis, the initial user-item interaction data
is chronologically sorted on user-level. This allows to split the dataset into a train
set where, for each user, interactions occurred before a specific time threshold; in
the validation and test sets, instead, the remaining interactions are collected. An
argument might be made that this time-aware splitting is the one which better depicts
a real-world scenario. Indeed, the recommendation system should be ideally able to
predict novel user-item interactions in the future, starting from the ones performed
in the past. Nevertheless, it should be noted that this splitting requires the time
information to be recorded along with each user-item interaction; unfortunately, this is
the case for several datasets in the current literature.

When splitting the original dataset into train, validation, and test, it might be the
case that the users and items appearing in each of them may not be overlapping sets.
Indeed, by indicating Urqin, Uypar, and Uiest as the sets of users belonging to the train,
validation, and test set, respectively, we have that Ui qin U Uy U Urest = U. However,
in the most general setting, we may have that Usrqin # Upar # Urest 7 U (note that
this cannot happen when performing a random/temporal-aware splitting on user-level).
On the item side, when following any of the dataset splitting introduced above, it is
quite likely that not all item sets in the train, validation, and test are overlapped. That
i, Zirain # Zval 7# Liest # I. Since in the common settings used to train and evaluate
recommender systems the learning is transductive, the recommendation algorithm
cannot be tested over users and/or items which are not present in the train set. Thus,
whatever the type of evaluation, the evaluation stage should first remove from the
validation/test sets those interactions involving users and/or items which do not belong

to the train set (the one which is known by the model in advance).
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Recommendation metrics

The selection of the proper metric(s) to perform the model evaluation is highly depen-
dent on the recommendation task to be pursued, namely, either rating prediction or
top-k recommendation. Moreover, the recent literature has raised the urge to test the
performance of recommender systems under metrics other than the commonly-adopted
accuracy ones. Such class of metrics is better known as beyond-accuracy metrics, and
capture other recommendation objectives. For instance, it might be interesting to assess
the ability of the recommender system to generate novel [310, 311] and diverse [108,
276] recommendation lists for each user; moreover, in the recent need to tackle issues
related to bias and seek fairness in recommendation [3, 26, 39, 81, 141}, it could be
useful to evaluate the performance of a recommender system under these perspectives.
In the following, we provide a twofold categorization of the most commonly-adopted
metrics, based upon: (i) the recommendation task, and (ii) accuracy/beyond-accuracy.
Accuracy metrics. When dealing with the task of rating prediction, any error-based
metric can be helpful to evaluate the performance of a recommender system. Let Diyqin
and Dyest be the sets of user-item interactions in the train, and test sets, respectively.
The rating prediction task may be evaluated through the mean absolute error (MAE),

mean squared error (MSE), or the root mean squared error (RMSE) formulated as

follows:
1 ~
MAE = D abs(Rm - Rm’), (2.20)
’ test’ (u7i)€Dtest
1 ~
MSE = (Rui — Rui)?, (2.21)
| t€8t| (u7i)€Dtest
1 ~
RMSE = S (Rui— Ryi)? = VMSE, (2.22)
’Dtest| (U7i)€Dtest

where abs(-) is the absolute value operation.

When dealing with the task of top-k recommendation, multiple possible evaluation
paradigms exist. Among them, we remind the all-unrated items one. Specifically, under
this paradigm, the first step is to predict the whole user-item interaction matrix through
the recommendation algorithm. Second, a list of recommended items is generated for
each user, based upon the predicted score for each item in the train set. As this list
may be quite large, it is common practice to retain only the top-k items according to
the predicted ratings. Finally, accuracy recommendation metrics are calculated, by

considering the generated list of k items, and the items each user has interacted with
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in the test set. We define such sets as It(es)t, while the list of k£ recommended items for
user « is indicated as Lgec). In the following, we report the formulation for the recall
(Recall@F), hit ratio (HRQE), precision (Precision@k), and normalized discounted

cumulative gain (nDCGQk):

(u)
1 1, 7,
Recall@k — M (2.23)
’ut68t| uCUtest |It68t|
U
HR@k = [Lhitsar] (2.24)
|Dtest|
1 I(U) I(U)
Precision@k = Prest O Zree| (2.25)
’uteSt‘ u€Utest |IT@C|
k 2rel
nDCGQk = —— 2.26
’Z/{test| ue%t: » zz; lOgQ 1+ 1) ( )

where Upisar = {u € Ugest | Itest N L«ec # (0}, while rel; =1 if i € 7 0 otherwise.

test>

For the sake of completeness, we also report two recommendation metrics which
are used to measure the accuracy of recommendation, but when considering the whole
set of recommendable items (not only up to the k-th item in the recommendation

list). They are the area under curve (AUC) and the average recall (AR), formulated as

follows:
AUC = ! S 1Rus Ray) (227)
|Z/{t63t| u€Utest |Itest X I\Itestl J)E Zt(u)tXI\It(:at
. G
AR=—— — > rel(k), (2.28)

|ut68t‘ UEU¢est |‘,Z’.tgst| k=1

where 1(-) is the function returning 1 if the input condition is true, 0 otherwise, while
rel(k) is 1 if the item in the k-th position is relevant for user u, 0 otherwise.
Beyond-accuracy metrics. In this section, we explore four families of beyond-
accuracy recommendation metrics accounting for the novelty and diversity of the
produced recommendation lists, along with those regarding the concepts of bias and
fairness in recommendation.

In terms of recommendation novelty [311], we recall the expected popularity com-
plement (EPC) and the expected free discovery (EFD). First, we define the sets of seen,

relevant, and chosen items as Iéggn, Iﬁgl) and Ic(hc))sen’ where Ic(hc))sen = Iﬁé‘e)n N I,f:l).
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Then, the formulations for EPCQL and EFDQE are:

EPCQk = |UC | > > p(seen| k:,u,Ir(Zl))p(rel | i, u)(1—p(seen |ig)), (2.29)
test] o cihyest ikeI£:?
1 1 4
EFDQk = —————— Y logap(i | seen), (2.30)
[Unei |I(u)| ()
rel i€l

where p(test) and p(rel) stand for the probability of an item to be seen and rele-
vant, respectively. Conceptually, the two measures indicate the expected number of
recommended unknown items which are also relevant, and the expected number of
recommended known items which are also relevant, respectively.
In terms of recommendation diversity [108, 276], we recall the gini index (Gini@k)
and the Shannon Entropy (SEQE). For the Gini@Qk, we first define:
| 1 ST 95 12| — 1ytimes(i)

— W
Urest| e, K —1 Zﬁ?' times(i)

GiniQk, = : (2.31)

where times(i) is a function returning the number of times item i appears in the
recommendation lists. Gini@k has values close to 0 when diversity of recommended
items is high, meaning that the probability of all items being recommended is almost
the same. Given that we usually adopt metrics formulations which adhere to the
principle higher is better, we will use the version Gini@k =1 — Gini@k|. As for the
SEQFk, we have:

18] : : : .
f times() times(i)

(u) u

N (u)
. e - : e . .
u€lyest =1 ZL:”fcl times(7) ZL:’TC‘ times(i)

1
‘Z/{test |

SEQL = : (2.32)

where SEQfL is 0 when a single item is always recommended, and it reaches the value
ln(|It(;2t ) when all items are recommended with the same frequency.

In the intersection between recommendation novelty and diversity, we should
remember the concept of coverage. Such a property can be measured through the item
coverage (1Cov@k), to be intended as the number of different items which are covered

across all recommendation lists for all users in the system. Its formulations is given by:

iCova = |Yucties Trecl (2.33)
Itest



2.3 The recommendation pipeline 25

When it comes to bias in recommendation, several different definitions may be
taken into account. One of the most common ones regards items’ popularity bias, and
it needs the preliminary definition of short head and long tail items, which is highly
related to the warm/cold items definition we provided above. By plotting item IDs
from the most popular (with highest number of interactions) to the least popular on
the z axis, and the items’ popularity on the y axis, one may note that popular items
are much fewer than niche ones. To statistically split items into most and least popular
ones, we may apply the 80%/20% Pareto principle, according to which the 80% or
items’ popularity is cumulatively provided by the 20% of the items in the catalogue
(i.e., the popular ones); similarly, the 20% of popularity is cumulatively provided by
the 80% of items in the catalogue (i.e., the niche ones). From a visual inspection of the
2D plot mentioned above, popular items belong to the so-called short head (Zgp,). On
the contrary, the niche items belong to the long tail (Z;;). Based upon the concepts
of short head and long tail items, in the following, we recall three commonly-adopted
recommendation metrics to measure the ability of a recommender system to retrieve
items from the long tail. Indeed, one of the purposes of any provider is to sell as much
numerous as possible items from the catalogue, especially the niche ones, since the
popular items are the ones which have much higher chances to be recommended and
sold to the users. That is also why items’ popularity bias is sometimes referred to as
provider fairness. The three metrics [3] we present are the average recommendation
popularity (ARPQk), the average percentage of long tail items (APLT@FE), and the
average coverage of long tail items (ACLTQk):

S () pOp(Z)
ARP@k = e o

|Utest| UCUtest ’ngc)‘

APLTQk = - {Ji i€ TynTe} (2:3)
|Utest| uCUtest |Ir(gg’ |

1

ACLT@k = > D Liey), .

|Utest| UEZ/{teSt ZEI,,(«gg

where pop(-) is the function returning the popularity (number of interactions) of an
item, while 1(+) is the function returning 1 if the item belongs to the long tail, 0
otherwise. First, the ARPQFk represent the average popularity of the recommende
items: the lower the better, as this means more items from the long tail are retrieved.
Then, the APLT@£ stands for the average percentage of items from the long tail:

the higher the better, meaning that more recommended items are from the long tail.
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Finally, the ACLT@F is the average number of recommended items from the long tail:
again, the higher the better.

To conclude this chapter, we present the recommendation metrics accounting for
fairness in recommendation. As already stated for bias, recommendation fairness may
refer to several concepts and meanings. For the sake of this thesis and chapter, we
are now referring to the concept of producing recommendations which are fair to all
users groups in the system. Similarly to the bias setting, also in this case it becomes
fundamental to formally define a criterion to split users into groups. Once again, the
80%,/20% Pareto principle comes in handy, as it works similarly to the previous case,
but with a different meaning. Indeed, in the case of users, we are categorizing users
into those who are highly active on the platform (warm users) and those who are least
active on the platform (cold users). The careful reader may have noticed that we
already gave such a definition in the previous sections of this chapter, but adopting
another mathematical criterion (i.e., the p-core strategy). Given that this definition of
fairness accounts for users, it is oftentimes referred to as consumer fairness. In this
respect, the idea is that users on a platform should receive recommendations with
equal quality independently on their activity level on the platform. To measure this
property on recommender systems [81], one possibility is to adopt the mean absolute
deviation over users for ratings (UMADrat@k), whose formulation we report in the

following;:

UMADrat@Qk = avg (MAD(Ryx, Ryx)), (2.37)

UEU o1 q,VEUwaTM

where avg(-) is the function taking the average over all users from the cold set Ue.yq
and warm set Uyqrm, while MAD(Ru*,ﬁU*) is the mean absolute deviation between
the average rating received by cold and warm users, respectively. Note that the formula

may be trivially extended to rankings instead of ratings.



Chapter 3

Background on graph neural

networks

Graph neural networks have revolutionized machine and deep learning over the last
decade. As the name suggests, such neural architectures are especially tailored to work
on graph-structured data, such as social networks, citation networks, knowledge graphs,
molecules, and recommendation networks. As a useful background to understand graph-
based recommendation approaches (one of the core topics in this thesis), we devote
this chapter to providing a brief overview of the main definitions and concepts behind
graph neural networks. In this respect, we first introduce some notions about graphs as
data structures. Second, we introduce the message passing iterative algorithm, which
represents the most atomic building block of any graph neural network model. Then,
we recall some of the most popular graph neural network architectures in the recent
literature. Finally, we describe and formalize the main tasks graph neural networks are
currently trained on. The content of this chapter is inspired by the following papers
and books in the literature [51, 119, 410].

3.1 Basic notions about graphs

This first section of the chapter addresses some basic notions about graphs as data
structures. After a formal definition of what a graph is, along with its multiple
variations, we formalize the adjacency matrix and node features, which constitute the

main components to define a graph.



28 Chapter 3 Background on graph neural networks

3.1.1 Definition of graph

We define a graph through the set of nodes V and edges £ connecting such nodes,
namely, G = (V,€). Specifically, an edge between node v € ¥V and w € V exists if
the two nodes are connected. When edges in a graph come with a direction (e.g.,
node v is connected to node w but not viceversa), the graph is said to be directed;
otherwise, if the edge direction is not defined (e.g., v is connected to w and also the
viceversa holds true) the graph is said to be undirected. Nodes in a graph may belong
to disjoint partitions, namely, V =V; U Va, ..., UV, having V;NV; =0 ,Vi # j. This
type of graph, named heterogeneous, has edges which may connect nodes from different
partitions following a specific rationale. However, when edges only connect nodes from
different partitions, the graph is said to be multipartite. A special case of such graphs
is the bipartite one, where nodes belong to two different partitions, and nodes from one
partition can only be connected to nodes from the other partition. A classical example
of bipartite graph is the user-item recommendation graph on e-commerce platforms,

where users may only interact with items and viceversa (the graph is also undirected).

3.1.2 Adjacency matrix

An adjacency matrix represents the graph G into matrix format. By assigning each
node in the graph an ordering (i.e., nodes are represented by specific rows and columns
in the matrix), the adjacency matrix A € RIVIXIVI ig designed such that A, , = a if
there exists an edge connecting v and w, 0 otherwise. In a directed graph, Ay, # Awy
in general, while in an undirected graph, A is symmetric and A, = Auy. Note that
the entry Ay, = a is a real-valued number which represents the weight of the edge
connecting the nodes v and w (for instance, the value may be positive or negative when
the graph is directed to indicate the different edge direction). For the sake of simplicity,
and in general, A, = {0,1}, where the edge weight is discretized to represent the
absence or presence of an edge, respectively. Finally, note also that in multipartite
graphs (e.g., bipartite graphs) there exist entire portions of the adjacency matrix
whose entries are zero, as in such a family of graphs some node partitions are not
connected one another. It is also important to introduce the concept of neighborhood
of a node v, defined as the set of nodes which are connected to v through one edge.
Let N(v) ={w € V| Ay = 1} be the neighborhood of v. Then, we calculate the degree
of v as [N (v)| or, alternatively, e pr(v) Avw-

In the training of graph neural networks (see later), it is common practice to

consider the symmetric normalized adjacency matrix (i.e., Agyp). Starting from the
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definition of adjacency matrix, we calculate Agy,, as:
1 1
Agym =D 2AD 2. (3.1)

The purpose of this normalization is to flatten the weight importance of all nodes in the
graph based upon their degree to tackle possible instabilities during the optimization

of the graph neural network.

3.1.3 Node features

Nodes in a graph may be associated with attributes or features describing them.
Generally, such features are formally represented through a real-valued matrix X €
RIVIXd where d is the dimensionality of the feature matrix. While X may consist
of features describing real-world characteristics of the nodes (e.g., continuous and
categorical features representing patients in a patients-diseases bipartite graph), it may
also stand for embeddings in the latent space which do not have a direct connection to
real-world properties (e.g., vector embeddings such as in user-item bipartite graphs
which are mapped to user and item unique identifiers and trained end-to-end in the

downstream task).

3.2 The message passing algorithm

Independently on the graph learning strategy adopted (see Section 3.3), the most
atomic building block of any graph neural network architecture lies in the message
passing algorithm. In its most generalized version, such a procedure works by updating
the latent representation of each node (defined as ego node in this context) through
the information conveyed by the nodes directly connected to the ego one (defined as
the neighbor nodes). The information from the neighborhood is usually referred to as
messages, which are aggregated and used to update the representation of the ego node.
Finally, the message passing schema is iteratively applied for L layers, and the various
node representations are eventually combined to obtain a unique representation for
each node. As usually reported in the literature, the message passing algorithm is a
generalization of the convolution operation (performed on 2D data such as images) to
non-Euclidean data (such as graphs). In the following, a formal definition for each of
such steps, namely, message aggregation, node embedding update, and layer combination,

is presented and formally described.
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3.2.1 Message aggregation

Let Xq(jl) € R% be the representation of node v € V at layer [, with 0 <1< L, and d; the
embedding dimension at layer [. We obtain the aggregated messages from the neighbor

nodes of v through the following:

m{) = aggregate® ({x¥ | w e N (v)}), (32)

()

where my’ € R% is the aggregated message from the neighbor nodes of v at layer [,
aggregated) is the aggregation function over the neighbor nodes of v, and xg) eR% is
the embedding of one of the neighbor nodes of v. For instance, a popular choice for

the aggregate(l) function is the element-wise addition:

mz()l): Z Avwxg)> (33)
weN (v)

where A, is the entry of the adjacency matrix corresponding to weight of the edge
connecting the nodes v and w (if any). The adjacency matrix may be normalized into
the symmetric normalized adjacency matrix, especially when it is required to flatten
the importance of any neighbor node independently on its degree:

A
m = Y v xH. (3.4)
weN (v) \/ N () [N (w)]

where in the denominator we are considering the node degree of the ego node and each

neighbor node.

3.2.2 Node embedding update

Once the aggregated message from the neighbor nodes has been calculated, the node
embedding can be updated to obtain the representation at layer [+ 1:

D) update(l)(xq(,l),m(l)), (3.5)

v v

where Xq()H_l) € R%+1 is the updated embedding representation of node v at layer

[+1, update(l) is the update function for the ego node at layer [, and xz(,l) is usually
included to leverage the current representation of the ego node into the message passing

formulation. For instance, a popular choice to design the updateV) function is a neural
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(1) ()

network where x,” and my,~ are the two inputs:

l
X = oW xD Wil mD), (3.6)
where o(+) is the activation function of the neural network (e.g., the sigmoid or ReLU),
while ng)o e R%*dit1 gand ngl gh € R4*di+1 gre the weights of the neural networks

referring to the ego node and the message aggregated through the aggregate™ function,

respectively.

3.2.3 Layer combination

The final stage in the message passing algorithm is the combination of all node embed-
ding representations obtained in each layer [. Let er,o) = X, be the node representation
for the layer 0, which corresponds to the initial embedding representation of the node
(e.g., initialized with random values). Then, the layer combination is obtained as:

%y = combine({x\?), x(V, ... xV, . x{P}), (3.7)
where combine can be different operations, such as the element-wise addition, the

mean, the concatenation, or the last obtained representation is selected:

ADD: %, = > x, (3.8)
0<I<L

MEAN: %, = ioéLxgx (3.9)

CONCAT: %, = {xO [| <M || ... | xP ... || %P}, (3.10)

LAST: %, = x5, (3.11)

where X, is the final representation of the node v.

3.2.4 Matrix format and self-loops

The formulations provided above for the message passing algorithm are expressed
at node level. However, in most of the cases, the message passing algorithm can be
expressed into a more compact matrix format which comprises all graph nodes at once,
and the formulation becomes as follows:

X0 Z o (xOW, + AXOWY, ). (3.12)
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where X e RVIX4 jncludes all node embeddings into one matrix. Generally, the
update) function is removed by adding self-loops in the adjacency matrix, namely,
the ego node is added to the set of neighbor nodes during the message aggregation

operation. The matrix formulation becomes:
XD — o ((A+D)XOWD), (3.13)

where A 41 is used to add self-loops to the adjacency matrix, and the presence of a

single WO matrix indicates that the ng)o and WSQZ gh Are shared into one matrix.

3.3 Popular graph neural network architectures

Depending on the specific strategies and operations adopted for the message passing,
the literature recognizes different graph neural networks architectures. In the following,
we present and formalize the most popular ones, namely, graph convolutional network
(GCN), graph attention network (GAT), and graph isomorphism network (GIN).

3.3.1 Graph convolutional network

The graph convolutional network architecture (GCN) proposed by Kipf et al. [158] is

one of the pioneer works in graph neural networks. The layer is defined as:
XD = o(AXOWW), (3.14)

where A = (D + I)_%(A +I)(D+ I)_% is the symmetric normalized adjacency matrix
(with self-loops obtained through the identity matrix I € RVI*IVI) and o(.) is the
activation function (usually the ReLU).

3.3.2 Graph attention network

The graph attention network architecture (GAT) was first introduced by the work
of Velickovic et al. [313], and it is one of the first approaches to leverage attention
mechanisms to weight the relative importance of each neighbor node to its corresponding

ego node. Specifically, the message passing schema of GAT is defined as:

XHD = o(AAXOWD), (3.15)
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where A € RVIXIVI is the weight matrix obtained through attention mechanisms.
Specifically, by considering the ego node v € V along with its neighbor nodes Yw € N (v),

the attention mechanism is formulated as:

exp(LeakyReLU(T[Wx,||Wxy]))

Avw - )
Ywen () ¢xp(LeakyReLU(T[Wx, [[Wxy]))

(3.16)

where exp(-) is the exponential function, T € R is the projection matrix, and || is

the concatenation operation.

3.3.3 Graph isomorphism network

By demonstrating that graph neural network architectures such as GCN cannot properly
capture the differences between various graph structures, the work by Xu et al. [352]
proposes a novel and simple solution, that is as powerful as the Weisfeiler-Lehman
graph isomorphism test. For this reason, the architeture is called graph isomorphism

network (GIN), and its layer is formulated as:
XD — mip((A+ (14 D)X D), (3.17)

where mlp(-) is a neural network layer, and € is a constant.

3.4 Tasks in graph representation learning

This last section of the chapter is devoted to presenting three popular tasks which use
graph neural networks, namely, (i) node classification, (ii) link prediction, and (iii)
graph structure learning. Their formalizations are based upon the encoder-decoder
framework. In its most generic version, an encoder function maps the adjacency matrix

and initial node features of a graph to an embedded representation of the nodes:
ENCODER: RVXVI s gVIxdo _, gIVIxdr, (3.18)

Given the way it is formulated, the encoder function is nothing but any message passing
procedure iterated over L propagation layers, namely, any presented graph neural
network architecture from above.

As for the decoder function, it takes the encoded representation of the nodes as
input, and produces some outputs which depend on the specific task we are considering.

Such an output may be a probability vector over the set of possible classes C (i.e., node
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classification), a similarity score between two node embeddings (i.e., link prediction),

or a learned version of the adjacency matrix (i.e., graph structure learning):

DECODER: RV* [xRVdz] — VXV gVIXICH RT (3.19)
—_—— —m
T GSL NC LP

where we abbreviate link prediction, graph structure learning, and node classification
through LP, GSL, and NC, respectively. In the following, we describe the three selected
tasks regarding graph representation learning, by re-casting each of them into the

encoder-decoder framework we just presented.

3.4.1 Node classification

Node classification is probably one of the primary and most popular task to benchmark
the performance of graph neural networks. As any classification task in machine
learning, node classification involves the training of a graph neural network model
to predict the correct class each node in the graph belongs to. Let y, € Rl be the
one-hot-encoding vector indicating to which class node v € V belongs to, where y,[c| is
1 if v belongs to class ¢ € C, 0 otherwise.

In terms of encoder function, it maps the adjacency matrix and the initial node

features to embedded node representations:
ENCODER: RVXIVI x gVIxdo _y plVIxdr (3.20)
whose formulation is a graph neural network:
ENCODER(A,X) = X. (3.21)

As for the decoder function, it maps the embedded node representations to probability

vectors over the set of possible classes C:
DECODER: RVIxde — gIVIXICl, (3.22)
whose formulation is:

DECODER(ENCODER(A, X)) = DECODER(X) =Y, (3.23)

where Y is the predicted vector probability over the set of classes C for all nodes.
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The loss function for node classification is the negative log-likelihood loss function:
L = —log(softmaz(Y,Y)), (3.24)

where log(-) and softmax(-) are the logarithm and softmax functions, respectively,
while YVIXICl is the one-hot-encoding vector indicating to which class each node belongs
to, respectively. Differently from other classification tasks in machine learning, node
classification is often referred to as a semi-supervised task because nodes in the test set
(whose label/class is not known during the training) are still exploited in the message
passing procedure. However, their are not used in the calculation and minimization of
the loss function. In such cases, nodes in the test set are defined as transductive. On
the contrary, when test nodes are not used during the training phase at all, such nodes

are defined as inductive.

3.4.2 Link prediction

Link prediction is another popular task where graph neural networks are widely
exploited. The task involves the prediction, in a graph structure, of the existence of an
edge between pairs of nodes.

In the case of link prediction, the encoder function maps the adjacency matrix and
the initial node representations to the nodes embedded representations in the latent
space:

ENCODER: RVXVI 5 gVIxdo _y glVixde (3.25)

As already seen for node classification, the encoder function is formulated as:

A

ENCODER(A,X) = X. (3.26)

A decoder function, paired with the encoder one, is aimed at reconstructing some graph

structure properties, such as which are the neighbor nodes of a given ego node:
DECODER: RVIXde y gIVIXde _, RIVIXVE s g+ (3.27)

For instance, we apply the decoder function to predict whether there exists an edge
between each pair of nodes in the graph (i.e., we are approximating the adjacency

matrix):

DECODER(ENCODER(X),ENCODER(X)) = DECODER(X,X) = A,  (3.28)
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where A is the approximated version of the adjacency matrix. A possible way of
modeling the decoder function is through the matrix factorization paradigm, which
calculates the similarity score of two entities (nodes) through the inner product of
their embedded representations. As the message passing allows to incorporate the
information conveyed by the neighbor nodes into the ego node at multiple layers, the
inner product between two ego nodes provides also an indication of how the neighbor
nodes of the two ego nodes are similar (i.e., we are reconstructing the graph structural

properties). Thus, in the case of inner-product, we have:
DECODER(X,X) =X"X. (3.29)
In such a scenario, the loss is a pairwise one, and may be the mean squared error:
L=|XTX-Al3. (3.30)

Note that we are, as a common practice, the adjancecy matrix is masked during the
training phase, so that only some edges are known, while the remaining ones are used
to test the performance of the trained model. Moreover, the training set may contain
both positive (i.e., existing) and negative (i.e., non-existing) edges. The negative edges
are obtained through negative sampling strategies, such as the one adopted in Bayesian

personalized ranking (BPR) in recommendation [258].

3.4.3 Graph structure learning

Finally, we take into account the task of learning and/or refining the structure of a
graph, namely, graph structure learning.
As observed for the other tasks in graph representation learning, graph structure

learning involves an encoder function defined as follows:
ENCODER: RVIXIVI 5 gVIxdo _y glVixdr (3.31)
which is a graph neural network:

ENCODER(A,X) = X. (3.32)

The decoder function works by generating an updated/refined version of the adjacency

matrix, starting from the embedded node representations obtained from the encoder.
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Its signature is:
DECODER: RVIxdz _y gIVIXVI, (3.33)

In this respect, the literature mainly recognizes three families of strategies to model the
decoder function. The first involves metric-wise approaches, which leverage similarity
metrics to estimate the edge weight between pairs of nodes, such as the inner-product

or the cosine similarity of node embeddings:

DECODER: o(X'X), (3.34)
N—————
inner-product
DECODER: cos(XOW,X o W), (3.35)
N—————’

cosine

where o(-) is any activation function (e.g., the sigmoid), while cos(-) is the cosine
similarity function, and W are trainable weights (e.g., obtained from the edge features
in the graph). The second type of approaches is defined as neural approaches, and
the graph attention network layer belongs to this family (refer again to Section 3.3.2).
Finally, the third group of approaches works by learning the entries of the adjacency
matrix as free parameters.

Generally, graph structure learning is performed as a side task along with a main
task (such as node classification). For this reason, the loss function involves two

components, namely, a main task loss, and a regularization loss:
L= Ligsh +Nreg(A, X). (3.36)

The regularization term may assume different formulations depending on the graph
properties one wants to optimize, such as the sparsity of the adjacency matrix, or the

smoothness.






Chapter 4

Formalizing multimedia

recommendation

In this chapter, we first provide a comprehensive literature review of multimodal
approaches for multimedia recommendation from the last eight years. Second, we outline
the theoretical foundations of a multimodal pipeline for multimedia recommendation by
identifying and formally organizing recurring solutions/patterns. Third, we demonstrate
its rationale by conceptually applying it to selected state-of-the-art approaches in
multimedia recommendation. Finally, we highlight the significant unresolved challenges
in multimodal deep learning for multimedia recommendation. Our primary aim is to
provide guidelines for designing and implementing the next generation of multimodal

approaches in multimedia recommendation.

4.1 Motivations

Our experience of daily life is intrinsically multimodal. We interact with objects
surrounding us through our five senses. For instance, watching a movie can involve three
senses (i.e., modalities): we watch it (visual modality) while listening to the dialogues
(audio modality) and possibly reading its subtitles (textual modality). Multimodal
learning has been one of the hot topics in deep learning for some years now, addressing
applicative domains such as medical imaging [34, 109, 129, 303], autonomous driving [44,
152, 350, 400], speech/emotion recognition [173, 198, 241, 244], multimedia retrieval [53,
135, 136, 174], and, only recently, multimodal large language modelling [368]. Given
the success and popularity it has encountered, some works have tried to outline,
categorize, and formalize the core concepts behind multimodality in deep learning [28,
29, 227]. Remarkably, the literature recognizes five steps and challenges when designing
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a multimodal deep learning pipeline [29]: representation, translation, alignment, fusion,
and co-learning.

Similarly to the cited domains and applications, approaches in multimedia recom-
mendation have been shown to effectively apply multimodal deep learning techniques
to the recommendation task. The idea is to model users’ and items’ profiles through
the different modalities and suitably capture the multi-faceted nature of their intercon-
nections. Recent works in the literature have brought multimodality to multimedia
recommendation [189, 269, 309, 404] tackling (just to mention a few) micro-video
recommendation [45, 67, 339], food recommendation [171, 222, 321], outfit fashion
compatibility [65, 361, 380], and artist/song recommendation [70, 236, 312|. However,
and differently from the other outlined domains and scenarios, recommendation lacks
a shared theoretical formalization to align the multimedia recommendation problem
with the same formal pipeline proposed in multimodal deep learning [28, 29, 227].

For these reasons, in this chapter, we first review the most popular and recent
state-of-the-art approaches in multimedia recommendation. Indeed, it emerges that
three main design choices are involved when proposing novel multimedia recommender
systems leveraging multimodality: (i) Which modalities to suitably describe the
user /item input data; (ii) How to extract and process meaningful multimodal represen-
tations; (iii) When to integrate and inject multimodal data into the training/inference
steps. While observing that many multimedia recommendation approaches are rarely
aligned on the techniques to adopt for (i), (ii), and (iii), we maintain this could limit
the future development of novel solutions in the field. This is true since each work
claims to advance with respect to the state-of-the-art but it becomes cumbersome to
distinguish which conceptual strategies are contributing the most [206]. Thus, inspired
by the multimodal pipeline formalized in multimodal deep learning [28, 29, 227], we
try to align the same schema with the three design choices recognized above. Our
objective is to define a conceptual and theoretical schema that uses multimodality
to encompass and summarize the most diffused solutions/patterns in the multimedia
recommendation literature. To the best of our knowledge, this represents the first
attempt that, differently from similar works in the literature [189, 404], formalizes
multimedia recommendation through the core concepts theorized in multimodal deep
learning [28, 29, 227].

To sum up, our contributions are:

1. We review existing works in multimedia recommendation adopting multimodal
learning techniques, highlighting common and different architectural choices;

in this respect, we categorize the reviewed papers according to the type of



4.2 Literature review 41

multimodal input (i.e., What), the technique for features processing (i.e., How),

and the moment to integrate modalities (i.e., When).

2. On such basis, and following the related literature on multimodal deep learning,
we revisit the multimedia recommendation task under the lens of multimodal
deep learning; by mapping the multimodal pipeline outlined in [28, 29, 227] to
the threefold categorization from above, we provide the general formulations for a
formal schema involving three steps: multimodal input data, multimodal feature

processing, and multimodal feature fusion.

3. First, we select four multimodal approaches from the recent literature spanning
various domains and scenarios in multimedia recommendation; then, we show
how the proposed multimodal schema conceptually applies to the selected models

in all the steps of the pipeline, thus proving its effectiveness.
4. Driven by the previous findings, we outline technical and conceptual challenges.

We release a GitHub repository with all the reviewed papers: https://github.com/
sisinflab /Formal-MultiMod-Rec.

4.2 Literature review

In this section, we present a literature review on recent multimodal applications for
the task of multimedia recommendation. Table 4.1 reports 43 papers collected from
the proceedings of top-tier conferences and journals over the last eight years. A careful
review and analysis aimed at outlining recurrent schematic and observed patterns

suggests categorizing the retrieved papers according to three key questions:
o Which modalities to choose for the input data?

o How to process multimodal features in terms of feature extraction and represen-
tation?

o« When to fuse the different modalities to integrate them into the final recom-

mendation framework?

To collect all reviewed papers, we also include a public GitHub repository® to access
their direct DOIs. We intend to update this repository with the most recent works

leveraging multimodality for multimedia recommendation.

thttps://github.com/sisinflab/Formal-MultiMod-Rec.
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Table 4.1 Overview of the core questions which arise when modelling a multimedia recom-
mender system based upon multimodality, as observed in the most updated literature. HFE:
Handcrafted Feature Extraction, TFE: Trainable Feature Extraction, MMR: Multimodal
Representation.
Papers Year Modalities ( Which?) Feature Processing (How?) Fusion (When?)
Visual Textual Audio HFE TFE MMR Early Late
Pretrained  End-to-End Joint Coordinate

4 4
v
v

Ferracani et al. [98]
Jiaet al [144] 2015
Li et al. [175]

Nie et al. [232]
Chen et al. [63]

Han et al. [120]
Oramas et al. [236] 2017
Zhang et al. [385]

Ying et al. [369]
Wang et al. [317]

Liu et al. [181]

Chen et al. [66]

Wei et al. [339)
Cheng et al. [69] 2019
Dong et al. [91]

Chen et al. [65]

Yu et al. [373]

Cui et al. [78]
Wei et al. [338]
Sun et al. [293]
Chen et al. [57]
Min et al. [222] 2020
Shen et al. [277]
Yang et al. [361]
Tao et al. [305]
Yang et al. [359]

Sang et al. [270)
Liu et al. [193]
Zhang et al. [382]
Vaswani et al. [312]
Lei et al. [171]
Wang et al. [321]

Zhan et al. [380]
Wu et al. [341]
Yi et al. [365]
Yi et al. [366]
Liu et al. [194]
Mu et al. [223]
Chen et al. [55]

Zhou et al. [406]

Wang et al. [320]
Wei et al. [336] 2023
Zhou et al. [407]
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4.2.1 Which modalities?

In multimedia recommendation scenarios, input data generally comes in at least two of
the three most common modalities in literature, namely Visual, Textual, and Audio
modalities. As evident from the collected papers, the vast majority of works consider
the visual and textual modalities, which mainly refer to product images and descriptions

(e.g., [78, 91, 120, 181, 380, 382]), respectively, while fewer examples leverage such
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modalities to describe video frames and captions (e.g., [144, 270, 321]) or users’ social
media interactions through uploaded photographs together with texts (e.g., [63, 359,
385]). Another emerging trend from the literature is that audio is by far the most
underrepresented modality, and it is usually coupled with the textual one to describe
music in the form of audio signals and songs’ descriptions (e.g., [236, 312]). Conversely,
the related literature shows that the audio modality is frequently exploited for video
input data (e.g., [305, 320, 338, 339, 366]) which is also the unique scenario involving
all modalities.

The observed disparity in data modalities is not only linked to the specific task the
various approaches address (e.g., product, song, or micro-video recommendation) but
it is also found in each modality’s different availability. In this respect, for example,
datasets collecting user-item interactions on e-commerce platforms (e.g., the Amazon
reviews dataset or IQON300) are more easily accessible than the ones involving social
media videos. For instance, one may consider that a version of the TikTok dataset
(introduced in [339]) has been made available with pre-trained multimodal features
involving visual, audio, and textual modalities only recently [336]. This modality
misalignment is among the most discussed challenges in the community, so we decide

to dedicate a section to it later (refer to Section 4.5.1).

4.2.2 How to process modalities?

Once modalities have been selected for data inputs, two primary operations usually
get involved in processing the multimodal data to be fed into the recommender
system. First, high-level features are extracted from each of the available modalities.
Interestingly, early approaches adopt handcrafted feature extraction (HFE) strategies
(e.g., color histograms) as described in [63, 144, 175, 232]. However, with the outbreak
and the increasing popularity encountered by deep learning and deep neural models
for image and text classification, object detection, and speech recognition, trainable
feature extractors (TFE) soon became the de facto standard in the learning of latent
features from the input data. In this respect, the literature [82] indicates that the
common approach is to use the activation of one of the final hidden layers of deep
neural networks. For instance, the authors of [193, 194, 222, 293, 317, 336, 373] exploit
features extracted from deep networks. Furthermore, we categorize TFE strategies
based on the use of Pretrained deep networks and End-to-End learned models. The
former refer to the possibility of transferring the learned knowledge of already-trained
deep networks to different domains, tasks, and datasets (e.g., see [300]), whereas

the latter usually leverage custom deep neural networks trained in the downstream
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recommendation task. As evident from the collected papers, the pre-trained solution
(e.g., [57, 66, 91, 98, 270, 277, 338, 369]) widely surpasses the end-to-end one (e.g., [120,
236, 385]) in terms of popularity, as the adoption of ready-to-use embedded features
obtained from state-of-the-art deep learning models represents a more efficient and
convenient approach than performing computationally-expensive and data-eager trained
feature extractions. Nevertheless, an argument might be made that using features
extracted through models already trained on different datasets and tasks could limit
their expressiveness regarding the actual multimedia recommendation task. For this
reason, we deepen into the issue in Section 4.5.2.

The second operation involved in the feature processing phase regards the imple-
mentation of a multimodal representation (MMR) solution to establish relations among
the extracted modalities. We recognize two main approaches, namely, either combining
all modalities so that they belong to a unique representation (Joint) or keeping them
separated to leverage the different influence they may have on recommendation (Coor-
dinate). From the collected papers, it follows that both the former (e.g., [55, 65, 98,
223, 293, 369, 380]), and the latter (e.g., [232, 339, 361, 365, 382]) are almost equally
preferred; however, the coordinate multimodal representation is slightly more popular
as learning different representations for each involved modality may help unveil the spe-
cific contribution it brings to the final personalized recommendation. Indeed, this could
support ezplainability, which is among the hottest topics in the community [391], and
especially in multimedia recommendation scenarios, where user-item interactions may,
by nature, be driven by non-evident and sometimes contrasting users’ preferences and
tastes [60, 66, 338]. Finally, the authors from [66, 69] do not integrate any multimodal
representation approach since they exploit multimodality only for the optimization of

the loss but not to predict user-item preferences.

4.2.3 When to fuse modalities?

The last stage in the multimodal pipeline deals with the fusion of the different processed
modalities so that they can be eventually integrated into the recommendation outcome
as a single representation of multiple coordinated modalities. This process may take
place before or after the prediction of the user-item preference score. On this basis,
the former and the latter approaches are usually known as Farly (e.g., [312, 339]) and
Late (e.g., [78, 365]) fusion, respectively. It is worth pointing out that some solutions
recognize a third strategy (i.e., Hybrid fusion) that combines the two versions mentioned
above, but for the sake of simplicity, we decide to categorize the works performing this

kind of multimodal fusion as a particular case of late fusion. Additionally, we recognize
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that several approaches from the literature do not provide a precise differentiation
between joint multimodal representation and early fusion. To better clarify this
technical aspect, we propose to consider fusion as an optional operation that takes
place after the feature processing phase only in the case of coordinate multimodal
representation (you may refer to Section 4.5.3). Indeed, as evident from the table, Joint
multimodal representation and Farly/Late fusion never occur in the same approach.
What is more, we observe that early fusion, employed, for instance, in [55, 91, 194, 223,
232, 270, 277, 341, 382, 385], is more popular than late fusion, used in [78, 336, 361, 365,
366, 406, 407]. Motivating this tendency is an unanswered research question that we
leave as a possible open issue to impact the design of recommender systems leveraging
multimodality. In this respect, you may refer to Section 4.5.4 for our discussion on the

current challenges about modality fusion.

4.2.4 Similar works

For the sake of completeness, we review the current literature works that provide similar
contributions to ours to outline the main differences. As already mentioned, pioneer
works such as [28, 29, 227] introduce and formalize (for the first time) the core concepts
and ideas behind the field of multimodal deep learning. After that, the recent years
have seen a growing interest in systematically reviewing and schematizing techniques for
multimodal fusion [100], spanning different application domains such as medicine [306],
conversational artificial intelligence [297], and visual content syntesis [393], up to
addressing complex and novel machine learning strategies including meta-learning [203].
Although the cited works share similar rationales to ours, their focus is more general
(e.g., deep learning) or heterogeneous (e.g., medicine) with respect to the multimedia
recommendation task.

In the recommendation domain, the study presented in [222] is among the closest
and most influential works to our proposal in the intention of introducing a unified
framework for food recommendation which leverages the concept of multimodality;
however, the work is different from ours in that: (i) it only addresses the task of
food recommendation, and (ii) it does not provide either mathematical formalizations
analysis of the proposed multimodal pipeline. Furthermore, it is worth recalling two
surveys regarding the topic of multimodal recommender systems [189, 404] on arXiv at
the moment this thesis is written. Among the two, the work presented in [404] shows the
major similarities to our proposal, especially when recognizing a multimodal pipeline
for multimedia recommendation. Nevertheless, what we propose in this chapter stands

out for the following novel contributions: (i) we systematically follow the multimodal
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pipeline outlined in [28, 29, 227] in the attempt to adapt it to the three main questions
arising in the multimedia recommendation literature, namely, Which?, How?, and
When?; (ii) we provide mathematical formalizations for each step of the proposed
multimodal pipeline to sketch a formal schema for the next generation of multimodal
approaches addressing multimedia recommendation; (iii) we identify a wider set of

challenges regarding each step in the multimodal pipeline.

4.3 A formal multimodal schema for multimedia

recommendation

As previously outlined, the literature shows recurrent schematic patterns in adopting
multimodal techniques for the task of multimedia recommendation. However, when
considering the latest solutions in the field (Section 4.2) it appears evident that,
differently from what happens for other applicative domains in machine learning, such
approaches do not seem to follow any shared and officially recognized formal schema
aligned with the principles of multimodal deep learning [28, 29, 227]. To sort things
out, in this section, we propose to formally revisit multimedia recommendation under
the lens of multimodal deep learning (Figure 5.2). First, we formalize the standard
recommendation task. Then, we theoretically give answers to the core questions
previously outlined, namely: Which multimodal input data to adopt, How to extract
multimodal features and set relationships among them, and When to fuse modalities.
Finally, we specify the multimedia recommendation task through multimodality. In
the following, we use the bold notation only when we explicitly define a vector for

which we indicate its elements (i.e., scalars or other vectors).

4.3.1 Classical recommendation task

Despite we already introduced and described the recommendation task in Section 2.1.2,
we recall and expand the main notions in the following. We consider users, items, and
user-item interactions as the inputs to the recommender system. We denote with v € U,
1 €Z, and r € R a user, an item, and a user-item interaction, respectively. To ease the
notation, we say x € X is a general input to the system, with X =U/UZUR. Given
a set of input data X, and defined p(-) as the preference score prediction function, a

recommender system aims to build a top@k list of items maximizing the following
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Fig. 4.1 Our multimodal schema for multimedia recommendation. After (1) a modality-aware
feature extraction, the extracted features may be either directly represented into a unique
latent space (2a) or projected into a different latent space for each modality (2b). While
in the former case, the multimodal representation is used to produce a prediction (4), in
the latter case, all modalities must undergo a fusion phase (3). In the early fusion (3a), we
produce a final representation that is used for prediction (4). Otherwise, we first produce a
different prediction for each modality (4), and then we fuse them (late fusion) into a single
predicted value (3b).

posterior probability (prob):
(:)p = argmaxprob(0, | X), (4.1)
(S

p

where ©, = [9},0),9,9), . ,ng" |_1)] is the vector collecting all weights for the inference
function p(-), W, = {95)0),6,()1),...,9§,|W”|_1)} is the set of such weights, and |W,| its
cardinality. For instance, in the case of latent factor models (e.g., matrix factoriza-

tion [160]), the set of trainable weights W, involves the user and item embeddings.

4.3.2 Multimodal input data

As shown in Figure 5.2, the first step of our multimodal schema is to identify input
modalities. A common list of modalities for each input data (i.e., user, item, user-item

interaction) in multimedia scenarios may be defined as follows:
« visual (v), e.g., images, video frames;
« textual (t), e.g., image captions, video subtitles, song lyrics, reviews;

« audio (a), e.g., songs, podcasts, movie soundtracks.



48 Chapter 4 Formalizing multimedia recommendation

Formally, we define m € M as an admissible modality for the system (i.e., M = {v,t,a}).
We should mention that data may come with all such modalities or just a subset. For
instance, videos from video streaming platforms (such as Netflix or Amazon Prime
Video) have frames (v), subtitles and/or descriptions (t), and an audio track and/or
soundtrack (a). Similarly, e-commerce platforms (such as Amazon or Zalando) sell
products that may come with photographs (v) and reviews which stand for the textual
feedback users express towards those products (t).

Let x € X be an input to the recommender system, whose set of available modalities
is indicated as M, C M. We represent the content data of input x in modality m
as c&m), with m € M_, and the vector of content data for input x in all modalities as
c;. Concerning the examples from above, a video item x may be described through
three modalities (i.e., M, = {v,a,t}) and, for example, its visual content data (a
frame) is an RGB image indicated as CSEV). Similarly, a fashion item x may be described
through two modalities (i.e., M, = {v,t}) and, for example, its textual content data

(the description) is a set of words indicated as .

4.3.3 Multimodal feature processing

As in Figure 5.2, multimodal inputs are processed to be transferred into a low-
dimensional representation. This step runs through a multimodal feature extractor

and a component that constructs a multimodal feature representation.

Feature extraction

Content input data is generally not exploitable as it is in a recommender model (e.g.,
the matrix of pixels from an image is not meant to be directly integrated into a
recommender). Hence, our schema introduces a Feature Ezxtractor (FE) component to
extract features, which should follow two principles, being (i) high-level (i.e., meaningful
for the recommender system) and (ii) functional to the final recommendation task.
Indeed, choosing the most suitable feature extractor for each modality may affect the
performance.

Let ™ be the content data for input x in modality m € M. Then, let p,,(-) be
the feature extractor function for the modality m. We define the feature extraction

process in the modality m as:

™ = o (™)) Vm e M,, (4.2)
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Fig. 4.2 A visual representation of Joint and Coordinate multimodal representation (above

and below, respectively).

(m)

where ¢, " is the extracted feature for input z in modality m. We use the notation
(0) _(1) (| Mz[-1)
C

Cyr=[c: ,Cs’,...,Cu ] to refer to the vector of extracted features for input x in all
modalities. Generally speaking, ¢, () may refer either to a handcrafted extractor, HFE
(e.g., SIFT and color histogram for visual, and MFCCs for audio), or to a trainable
extractor, TFE (e.g., deep learning-based models such as CNNs for visual, audio, and
textual). In the latter case, ¢, () can be either pre-trained or trained end-to-end along

with the recommender system.

Multimodal representation

Once high-level features have been extracted from each modality of the input data,
the next step is to design a Representation strategy to handle the relationships among
modalities and eventually inject such data into the recommender system. As shown
in Section 4.2, the literature follows two main approaches: Joint and Coordinate
(Figure 4.2). The former relies on projecting multimodal features into a shared latent
space to produce a unique final representation (e.g., concatenation is usually the
simplest approach). Conversely, the latter involves adopting a different latent space
for each modality, with the possibility of setting specific constraints among modalities
that are expressed, for instance, through similarity metrics. In the following, we
mathematically formalize the two strategies.

Joint representation. Let €, be the vector of extracted features for input x in all

modalities. In the case of Joint representation, we assume p(-) is the function to
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produce the multimodal representation of the extracted features. Thus:

Cyx = N(Ex)a (4'3)

where ¢, is the multimodal representation for input x.

Coordinate representation. Let a(gm) be the extracted feature for input x in modality
m € M. In the case of Coordinate representation, we assume fi,,(-) is the multimodal
representation function for modality m, and let K, be a set of constraints on multimodal

representations of input z. Thus, we say:

&m) — 11, (™) subject to K, with |K,| >0, (4.4)

(m)

where ¢ is the coordinate multimodal representation for input x in modality m.
Note that in Equation (4.4) we denote with &, = [6500),&9), . .,5&'”““1)] the vector of

coordinate multimodal representations for input z in all modalities.

4.3.4 Multimodal feature fusion

As an optional third step, when Coordinate representation is used, our multimodal
schema allows an additional Fusion step to combine all produced multimodal represen-
tations. In the following, we describe the inference step in the two cases of Farly and
Late fusion.

Early fusion. Let ¢, be the vector of coordinate multimodal representations for input
x in all modalities. Then, let v,(-) be the function for Early fusion. We generate the

multimodal representation for input x as:
Cx = Ye(Cs). (4.5)

Note that after applying Equation (4.5), everything we describe in the following also

applies to Joint representation. We obtain the predicted output 3 for input x as:

R=p(¢,) (4.6)

(m)

Late fusion. Let ¢; ' be the coordinate multimodal representation for input x in

modality m € M . We first predict the different output values for each modality as:

R = p(@™)y Vm e M,. (4.7)
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Let ¥ be the vector of multimodal predicted outputs in all modalities. If we denote
7(+) as the function for Late fusion, we finally aggregate (fuse) all modality-aware

predictions:
R=y(R). (4.8)

Whatever the type of Fusion, the literature shows that various works perform this
operation differently, from more straightforward solutions such as concatenation and
element-wise addition, multiplication, or average to more refined techniques (i.e.,
neural-based ones, like attention mechanisms). Note that we consider Late fusion also
when multimodal representations are exploited for some specific components of the
loss function; indeed, in such settings, multimodal fusion does not occur even until the
very last stage of the recommendation pipeline (i.e., the calculation and optimization

of the loss function).

4.3.5 Multimodal recommendation task

Let W,, W,, and W, be the sets of the additional model trainable weights from
(i) feature extraction, (ii) multimodal representation, and (iii) multimodal fusion,
respectively. Note that they could be empty, as the correspondent functions may be non-

trainable. Then, given the set of multimodal input data X', we extend Equation (4.1):

A

© = argmax prob(©|X), (4.9)
(]

where © =[0,,0,,0,,0,], with

©, =0, 000,00l @, =00, 00, . oV e, =00, 00, gD

(4.10)

as the vectors of the model’s feature extractor weights, multimodal representation

weights, and multimodal fusion weights, respectively. We solve Equation (4.9) by
optimizing the loss L:

L= Lyec(®, R, R) + Lyey(O) (4.11)

where R is the ground-truth value corresponding to the predicted output I%, and « is a
model hyper-parameter to weight the regqularization component of the loss function
(i-e., Lreg). Algorithm 1 provides a general overview of the overall multimodal schema

we presented.
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Algorithm 1: Multimodal schema for multimedia recommendation
Input: Set of available modalities M; set of multimodal input data X and
admissible modalities M., Vo € X.
Output: Trained model’s weights o.
Initialize all model’s trainable weights ©.
repeat
extract features according to Equation (4.2)
if Joint representation then
get joint representation according to Equation (4.3)
get model’s prediction according to Equation (4.6)
Ise if Coordinate representation then
get coordinate multimodal representations according to Equation (4.4)
if Early fusion then
get multimodal representation according to Equation (4.5)
get model’s prediction according to Equation (4.6)
else if Late fusion then
get predictions for each modality according to Equation (4.7)
get model’s prediction according to Equation (4.8)
for 6 € © do
update @ according to Equation (4.9), by optimizing the loss function L
in Equation (4.11)

@

end
until convergence;
Return 6.

4.4 Conceptual validation of the schema

After having described the formalism behind our proposed multimodal schema for mul-
timedia recommendation, we devote the current section to the validation of the schema
by conceptually applying it to four state-of-the-art approaches from the literature
(Table 4.2). To demonstrate how our formal solution is designed to generally work with
multiple recommendation scenarios involving multimedia user-item data interactions,
we choose the proposed examples spanning a wide range of tasks, namely micro-video
recommendation [339], food recommendation [321], outfit fashion compatibility [120],

and artist/song recommendation [236].

4.4.1 Case 1: micro-video recommendation

Wei et al. [339] build a bipartite user-item graph for micro-video personalized recom-

mendation. The idea behind the approach is to exploit high-order users-items relations
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leveraging the multimodal nature of recommended items (i.e., micro-videos), to which
users may experience different attitudes. The authors adopt a graph convolutional

network [158] to refine user and item embeddings (conditioned on the graph topology).

Multimodal input data

Micro-videos (the items) are described via three modalities, namely: visual (i.e., frames),
textual (i.e., user-generated captions and descriptions) and audio (i.e., the audio track,
that is not always available). It is worth pointing out that also users are described
through three embeddings representing how each item modality might influence them
differently. Nevertheless, they cannot be formally considered as multimodal input
data (we do not report any information about the multimodal input data and feature

extraction columns in the table).

Feature extraction

Visual features are extracted through a pretrained ResNet50 [122] only from key video
frames. Textual features are derived from Sentence2Vector [24]. Audio features are
extracted using a pre-trained VGGish [130].

Multimodal representation

The framework leverages three versions of the same bipartite user-item graph (i.e., one
for each micro-video modality). The graph convolutional layer first aggregates the
neighborhood features of the ego node and then combines the result of such aggregation
with the collaborative embedding and the multimodal representation from the previous
iteration. Given the formalism introduced above, we might say this approach goes
under the definition of Coordinate representation. The model adopts a linear projection
for each modality to map the input into a modality-specific latent space, both in the

aggregation and combination steps. No explicit constraints are introduced.

Multimodal fusion

The adoption of a multimodal coordinate representation requires a modality fusion
phase. This is performed through element-wise addition among modalities for users
and items. As this occurs before feeding them into the inference function, we categorize

it as Farly fusion.
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Inference and loss function

As in several collaborative filtering approaches, the inference is performed through the
inner product between the multimodal representations of users and items. Regarding the
loss function, the authors use the broadly-adopted BPR [258] optimization framework,
maximizing the distance between predicted ratings for positive items (i.e., the ones

interacted by users) and negative items (i.e., the ones not already interacted by users).

4.4.2 Case 2: food recommendation

Wang et al. [321] introduce a tripartite framework for food recommendation whose
pipeline involves the retrieval of recipes according to user-generated videos, the profiling
of users based upon their social media interactions, and the final health-aware food

recommendation of recipes.

Multimodal input data

On the user side, it should be noticed that the input data does not properly follow the
above definition we provide about multimodality, as users are profiled only according to
the textual description of their generated tweets. However, we maintain the importance
of this example since it represents one of the few approaches in the literature that
proposes to model users through a multimodality-like solution. On the other side,
items’ description is multimodal because it integrates frames of user-generated videos
to retrieve recipes from (i.e., visual modality) and descriptions of recipe ingredients

(i.e., textual modality).

Feature extraction

Users’ tweets are the input to what the authors define as a word-class interaction-based
recurrent convolutional network (WIRCNN), which involves a recurrent neural network
(RNN) and a convolutional neural network (CNN) to classify user tags. As for items,
sampled video frames are encoded through a pre-trained VGGNet-19 [284], while

textual recipe ingredients are processed via TextCNN [156].

Multimodal representation

Given that the user profile is not multimodal per se, we do not recognize any multimodal
representation stage. On the item side, the multimodal representation is Coordinate,

but no particular operation is performed on the extracted multimodal features.
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Table 4.2 Four literature examples of multimodal frameworks for multimedia recommendation.
For each work, we report the performed task, the considered modalities for each input to the
system (e.g., user and item), the feature extraction and multimodal representation strategies,

the multimodal fusion, and the adopted inference/loss functions.

e Multimodal Feature Multimodal . .
Paper Input Modalities Input Data Extraction Representation Multimodal Fusion Inference and Loss
Visual Coordinate, aggre- Early, modalities are Inference via inner-
g User Textual gation of mnode’s combined through ad- product between final
e . . neighborhood and dition. user and item embed-
o 8 Wei et al. [339)] : - X . .
5] 'g Audio combination with dings. BPR is the op-
E g Visual Video frames ResNet50 the ego node. Pro- timization function.
b g Ttem jection in both ag-
; g ’ Textual Célpt%()ll.s and Sentence2Vector gregation and com-
= descriptions bination.
Audio Audio track VGGish
User Textual Users’ tweets Bi-RNN & CNN Score prediction with
Wang et al. [321] MLP for user tags.
g Loss is cross-entropy.
;‘_;';' User embedding is
'g later  adopted  for
g recommendation.
s i - —_——
S 8 Ttem Visual Video Frames VGGNet-19 Coordinate, no par- Early, modalities are User-item score predic-
= 8 B Textual Recipe ingredients TextCNN ticular  operation combined via concate- tion with MLP and
- T e ) performed. nation. cross-entropy.
Han ct al. [120] Ttem Visual Product images InceptionV3 Joint, features arc The visual modality is
] o i rojected into a used for the inference.
S 2 proj
= = shared embedding
& :% Textual Descriptions One-hot-encode ~ space. The textual modality
5] i for -
=8 is us.ed for the con:
= g trastive component of
S8 the loss function.
Oramas ot al. [236]  Ttem Textual Artist biography Custom CNN  Coordinate, textual Early, either normal- Inference via inner-
w0 & e . and audio features ized features are con- product between user
5 E normalized and op- catenated and fed into and final item embed-
g "g tionally fed into two a one-layer MLP, or dings. Cosine distance
g g separate MLPs. multimodal representa- is the loss function.
2 g tions are connected to
ke 9 the one-layer MLP.
< 2 Audio
Audio ) Custom CNN
S])(‘,(‘trog,ram

Multimodal fusion

No modality fusion is run over user profiles. Regarding items, authors adopt an Early

modality fusion by concatenating the visual and textual features.

Inference and loss function

User embeddings are learned for tag prediction, with a one-layer MLP used to predict
scores and cross-entropy as a loss function. The final user embeddings are eventually
exploited for the main task of food recommendation. Contrarily, item embeddings are
directly adopted for the score prediction, run with a one-layer MLP trained on a binary

cross-entropy loss.
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4.4.3 Case 3: outfit fashion compatibility

Han et al. [120] propose a framework to recommend the next fashion item that matches
a set of already chosen ones to produce a visually appealing outfit. The authors address
the task by considering the items composing a fashionable outfit as a temporal sequence,
so they leverage a bidirectional LSTM [116].

Multimodal input data

Recommendation is multimodal because the authors adopt both product images (i.e.,
visual modality) and text descriptions of the fashion items extracted from the product

details (i.e., textual modality).

Feature extraction

The visual features of fashion items are extracted from a GoogleNet InceptionV3 [298]
pretrained network (the TFE), whose dimensionality is 2048. As for the textual

description, each word is a one-hot-encoded vector.

Multimodal representation

Visual and textual extracted features are projected into a unique latent space, whose
dimensionality is 512. According to the earlier formalism, this approach follows a
Joint multimodal representation. On the one hand, 2048-dimensional visual features
are compressed into a 512-dimensional embedding through a fully connected neural
network layer, which is trained end-to-end with the recommendation model. On the
other hand, the textual features for each description are first projected into the 512-
dimensional latent space through linear mapping (i.e., adopting a projection matrix,
which is also trained end-to-end). Then, the authors adopt bag-of-words to obtain a

unique representation for the description of each fashion item.

Inference and loss function

Only the visual modality is adopted as input for the recommendation inference. How-
ever, the textual modality is exploited jointly with the visual input to minimize the
contrastive component of the loss function, for whom the cosine similarity measures

the distance between visual and textual modalities in the shared latent space.
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4.4.4 Case 4: artist and song recommendation

The approach introduced by Oramas et al. [236] deals with the task of music recom-
mendation. Specifically, the authors propose to divide the problem into artist and song
recommendations by learning their separate embeddings and leveraging the textual

artist biography and audio spectrogram as inputs.

Multimodal input data

Multimodality is to be found in the item’s description, which is based upon artist
biography (i.e., textual modality) and audio spectrogram derived from songs (i.e., audio

modality).

Feature extraction

Artist biographies are processed through the state-of-the-art CNN, which is re-trained
using word2vec word embeddings pre-trained on the Google News dataset [221]. As for
the song latent factors, a custom CNN with 256, 512, and 1024 convolutional filters is

trained on the time axis, having as output the 4096-dense layer.

Multimodal representation

Before further processing the extracted multimodal features, both textual and audio
features are normalized. Afterward, they optionally go through two separate MLPs

(i.e., Coordinate representation).

Multimodal fusion

The authors explore two possibilities: if no MLP processing occurred in the multimodal
representation stage, then normalized features are concatenated and fed into a one-layer
MLP; otherwise, multimodal representations are connected to the one-layer MLP. They

adopt an Farly multimodal fusion in both cases.

Inference and loss function

Inference is run through the inner product between user and item final embeddings,
while cosine distance is the chosen loss function as the learned latent embeddings are

12-normalized.
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4.5 Technical challenges

This section aims to overview the main technical challenges we recognize in multimodal
approaches for multimedia recommendation. Starting from the proposed schema we
presented in the previous sections, we outline the evident (or even less evident) issues

emerging from the literature.

4.5.1 Missing modalities in the input data

Describing data under the lens of multimodality may be a two-sided coin. From one
perspective, multimodality helps enrich the informative content carried by the input,
thus exploring data’s multi-faceted nature to learn better-tailored user-item preference
patterns [208]. On the other side, the need to provide descriptive content for every
input modality may come at the expense of some missing modalities (e.g., a video
dataset could integrate videos having no textual content, for example, subtitles or
descriptions may be only sometimes available). Tackling the modality misalignment in
the data is a recent and widely discussed challenge in other domains [169, 201, 378,
381], and requires ad-hoc techniques to provide equal representation of all involved
modalities to fully exploit their informative richness [202, 294]. Nevertheless, to the

best of our knowledge, the issue remains open in recommendation.

4.5.2 Pre-trained feature extractors

Deep learning models processing images, texts, or audio have been shown to enrich
the informative content of items’ profiles in several recommendation algorithms. In
most solutions, such architectures are used as pre-trained blocks to extract high-level
features from the input data, thus exploiting the capability of deep neural networks
to transfer knowledge among different datasets and/or tasks. Despite the ease of
adopting ready-to-use feature extraction networks, we seek to underline a conceptual
limitation that, to the best of our knowledge, is only partially investigated in the
literature. Indeed, pre-trained representations extracted through state-of-the-art deep
learning models are not necessarily supposed to capture those semantic features, which
will likely captivate users for their final decision-making process. As an example, the
embedding feature extracted from a product image (e.g., a bag) through a pre-trained
deep convolutional network (e.g., ResNet50) is carrying high-level informative content
driven by the task of image classification, but this does not mean the same knowledge

will be helpful to predict whether the product could be recommended to a user.
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4.5.3 Modalities representation

The multimodal representation of the extracted input data is among the main stages
in the multimodal schema we described since it establishes the relationships for the
selected input modalities. Nonetheless, the literature is not generally aligned on its
definition since most of the works usually refer to Joint representation and Farly
fusion interchangeably. We recognize this as a conceptual issue because the two stages
(i.e., representation and fusion) should be considered separately. We maintain that
the former stands for the initial step to set interconnections among early-extracted
multimodal features, while the latter, despite dealing again with modalities relationships,
involves features that have been further processed towards the task optimization (i.e.,
recommendation in our case), thus embodying different rationales and techniques.
Furthermore, the related literature suggests two possible solutions to multimodal
representation, either Joint or Coordinate, where the latter additionally requires the
subsequent fusion step. However, each of the paradigms’ advantages and whether they

might depend on the task remain under investigation.

4.5.4 Multimodal-aware fusion and optimization

While multimodal representation builds on input modalities in the early stages of the
schema, multimodal fusion accounts for multimodal features that have already been
processed, with a specific focus on the last steps (i.e., inference and model optimization).
Similarly to what was observed above, multimodal fusion may come in the form of Farly
or Late fusion. The significant difference between the two approaches lies in preserving
or not modalities separation during the inference (i.e., Late and Farly, respectively).
The literature demonstrates the vast predominance of Early solutions, whereas several
works quite often refer to Late fusion by mistaking it for Early fusion. Indeed, providing
a precise definition for the two is of paramount importance because the two approaches
may serve different purposes. The rationale of Late fusion is to keep the modalities
separation explicit during the inference phase so that the contribution of each modality
is observable up to the last operation. Moreover, the literature is not aligned on
the operation to fuse modalities. Non-trainable fusion functions (e.g., element-wise
addition) are usually the preferred direction given that it is more lightweight and easy
to perform to trainable approaches (e.g., neural networks) which (on their side) may

allow to better tailor user-item preference prediction.
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4.6 Summary

In this chapter, we highlighted the importance of formalizing the multimedia recommen-
dation task under the lens of multimodal deep learning. By recognizing how the main
recommendation approaches in the related literature fall into some recurrent strategy
patterns, we outlined a unified multimodal schema that, following the established multi-
modal deep learning pipeline, formalizes the core stages of multimedia recommendation
as: (i) multimodal input data, (ii) multimodal feature processing, (iii) multimodal
feature fusion, and (iv) the multimodal recommendation task. After that, we applied
the proposed schema to four multimedia recommendation scenarios. The proposed
formal schema along with its conceptual application gave the opportunity to highlight
technical challenges in the field of multimedia recommendation leveraging multimodal
information. While the next chapter is devoted to analyze some of these challenges (i.e.,
“pre-trained feature extractors”, “modalities representation”, and “multimodal-aware
fusion and optimization”) we are still in the process of studying the interesting issue of
“missing modalities in the input data”. In this respect, you may refer to the preliminary
proposal of an approach (based upon Feature Propagation [263]) to tackle the issue in
the last chapter of this thesis.



Chapter 5

Leveraging the visual modality in

multimedia recommendation

The current chapter studies and proposes novel solutions addressing each of the
highlighted technical issues still existing in multimedia recommendation leveraging
multimodal information; note that each of them may be mapped to a specific stage
of the multimodal pipeline formalized in the previous chapter. It is important to
mention that while the provided formalization is to be intended in a general multimedia
recommendation setting, this chapter specifically takes into account visually-aware
recommender systems, namely, the recommendation approaches working with product
images. After an initial presentation of two complementary frameworks, Ducho and
V-Elliot, aimed to the extraction of multimodal features for recommendation and
reproducibility of visually-aware recommender systems, respectively, we propose to use
them to benchmark visually-aware recommendation models with varying pre-trained
deep learning networks for the visual extraction. Results motivate the consideration of
two specific scenarios and settings, namely, fashion recommendation and adversarial
attacks/defenses against visually-aware recommender systems. In the former, we
propose a novel recommendation approach which disentangles the users’ preferences
at the granularity of content and style of images depicting clothes; in the latter, we
investigate how and to what extent the human customers on e-commerce platforms

may perceive the adversarial attacks on product images.

5.1 Ducho: an extractor for multimodal features

Despite being the initial stage of any multimodal recommendation pipeline, the ex-

traction of meaningful multimodal features is paramount in delivering high-quality
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recommendations [82]. However, the current practice of employing diverse multimodal
extraction procedures in each recommendation framework poses limitations. Firstly,
these diverse implementations hinder the interdependence across various multimodal
recommendation frameworks, making their fair comparison difficult [206]. Secondly,
despite the availability of numerous pre-trained deep learning models in popular
open source libraries, the lack of shared interfaces for feature extraction across them
represents a challenge for model designers.

To address these shortcomings, we propose Ducho, a unified framework designed
to streamline the extraction of multimodal features for recommendation systems. By
integrating widely-adopted deep learning libraries as backends such as TensorFlow,
PyTorch, and Transformers, we establish a shared interface that empowers users to
extract and process audio, visual, and textual features from both items and user-item
interactions (see Table 5.1). This abstraction allows to leverage methods from each
backend without being encumbered by the specific implementation that backend poses.
A notable feature of our framework lays in its easily configurable extraction pipeline,
which can be personalized using a YAML-based file. Users can specify the desired
models, their respective backends, and models’ parameters (e.g., extraction layer).

By looking at the related literature, the most similar application to Ducho is
Cornac [269], a framework for multimodal-aware recommendation. For the sake of
completeness, we report their main differences. Differently from Cornac, Ducho: (i)
is specifically aimed to provide customizable multimodal feature extractions, being
completely agnostic to the downstream recommender system that might exploit the
extracted features, thus being easily applicable to any model; (ii) provides the user
with the possibility to select the deep learning extraction model, its backend, and its
output layer; (iii) introduces the audio modality to the modalities set.

To foster the adoption of Ducho, we also develop a public Docker image pre-equipped
with a ready-to-use CUDA environment!, and propose three demos to show Ducho’s
functionalities. The GitHub repository, which comes with all needed resources is
available at: https://github.com/sisinflab/Ducho.

5.1.1 Architecture

Ducho’s architecture is built upon three main modules, namely, Dataset, Extractor,
and Runner, where the first two modules provide different implementations depending

on the specific modality (i.e., audio, visual, textual) taken into account. We also remind

thttps://hub.docker.com/r/sisinflabpoliba/ducho.
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Table 5.1 An overview of all modalities, sources, and backends combinations available in
Ducho.

Sources Backends
Modalities )
Items Interactions TensorFlow PyTorch Transformers
Audio v v v v
Visual v v v e
Textual v v v

the Configuration one among the other auxiliary components. The architecture is
designed to be highly modular, possibly integrating new modules or customizing the

existing ones. In the following, we dive deep into each outlined module/component.

Dataset

The Dataset module manages the loading and processing of the input data provided by
the user. Starting from a general shared schema for all available modalities, this module
provides three separate implementations: Audio, Visual, and Textual Datasets. As
a common approach in the literature, the Audio and Visual Datasets require the path
to the folder from which image/audio files are loaded, while the Textual Dataset works
through a tsv file mapping all the textual characteristics to the inputs.

Noteworthy, and differently from other existing solutions, Ducho may handle each
modality in two fashions, depending on whether the specific modality is describing
either the items (e.g., product descriptions) or the interactions among users and
items (e.g., reviews [19]). Concretely, while items are mapped to their unique ids
(extracted from the filename or the tsv file), interactions are mapped to the user-item
pair (extracted from the tsv file) they refer to. Although the pre-processing and
extraction phases do not change at items- and interactions-level (see later), we believe
this schema may perfectly suit novel multimodal-aware recommender systems with
modalities describing every type of input source (even users).

Another important task for the Dataset module is to handle the pre-processing
stage of data input. Depending on the specific modality involved, Ducho offers the
possibility to:

o audio: load the input audio by extracting the waveform and sample rate, and

re-sample it according to the sample rate the pre-trained model was trained on;

 visual: convert input images into RGB and resize/normalize them to align with

the pre-trained extraction model,
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o textual: (optionally) clean the input texts to remove or modify noisy textual

patterns such as punctuation and digits.

After the extraction phase (see later), the Dataset module is finally in charge of
saving the generated multimodal features into numpy array format following the file

naming scheme from the previous mapping.

Extractor

The Extractor module builds an extraction model from a pre-trained network and
works on each loaded/pre-processed input sample to extract its multimodal features.
In a similar manner to the Dataset module, the Extractor provides three different im-
plementations for each modality, namely, the Audio, Visual, and Textual Extractors.
Ducho exposes a wide range of pre-trained models from three main backends: Tensor-
Flow, PyTorch, and Transformers. The following modality /backend combinations are

currently available:

« audio: PyTorch (Torchaudio) and Transformers;
 visual: Tensorflow and PyTorch (Torchvision);

« textual: Transformers (and SentenceTransformers).

To perform the feature extraction, Ducho takes as input the (list of) extraction
layers for any pre-trained model. Since each backend handles the extraction of hidden
layers within a network differently, we follow the guidelines provided in the official
documentations, assuming that the user will follow the same naming/indexing scheme
of the layers and know the structure of the selected pre-trained model in advance. The
interested reader may refer to the README? under the config/ folder on GitHub
for an exhaustive explanation on how to set the extraction layer in each setting of
modality and backend.

Finally, for the textual case, the user can also specify the specific task the pre-trained
model should be trained on (e.g., sentiment analysis), as each pre-trained network may

come with different versions depending on the training strategy.

Runner

The Runner module is the orchestrator of Ducho, whose purpose is to instantiate,

call, and manage all the described modules. With its API methods, this module can
2https://github.com/sisinflab/Ducho/blob/main/config/README.md.
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Fig. 5.1 Ducho’s pipeline for multimodal feature extraction, managed by the Dataset, Extrac-
tor, and Runner modules.
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trigger the complete extraction pipeline (see later) of one single modality or all the
modalities involved simultaneously.

The Runner module is conveniently customized through an auxiliary Configuration
component which stores and exposes all parameters to configure the extraction pipeline.
Even if a default configuration is already made available for the user’s sake, Ducho
allows to override some (or all) its parameters through an external configuration file
(in YAML format) and/or key-value pairs as input arguments if running the scripts
from the command line. Once again, we suggest the readers refer to the README
under the config/ folder on GitHub to understand the general schema of the YAML

configuration file.

5.1.2 Extraction pipeline

The overall multimodal extraction pipeline is represented in Figure 5.2. Through the
Dataset module, the load and preprocess steps take place, assuming that the user is
providing the input data and the YAML configuration file (overridable from command
line) to customize the extraction. Then, the Extractor module is in charge of building
the extraction model(s) by setting the backends and output layer(s). Finally, after
the multimodal feature extraction, features are saved to the output path in numpy
format (the Dataset module again controls this latter phase). As previously described,

the whole process is orchestrated by the Runner module.
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5.1.3 Ducho as Docker application

To fully exploit the GPU-speedup implemented in all backends we use for the multimodal
feature extraction, one of the basic requirements is to setup a suitable development
environment where the backends’ versions are compatible with CUDA and, optionally,
cuDNN. Generally, setting a workstation where all such libraries/tools are correctly
aligned is challenging. To this end, we decide to dockerize Ducho by making it into
a Docker image (available on Docker Hub?) with all packages already installed in a
tested and safe virtualization environment on your physical machine.

Our Docker image is built from an NVIDIA-based image which comes with CUDA
11.8 and cuDNN 8 on Ubuntu 22.04, Python 3.8 and Pip, and our cloned repository
having all Python packages already installed and ready to be used. A possible container
instantiated from the image should specify the gpus to use from the host machine (this
feature is currently available on Docker but it depends on the version of CUDA to be
installed), and the volume you may want to use to save the framework’s outputs.

Note that a generic container instantiated from our image would prompt the user
to a shell environment where one could run custom multimodal feature extractions via

the command line, and also create custom configuration files for the same purpose.

5.1.4 Demonstrations

This section proposes three use cases (i.e., demos) which show some of the main
functionalities in Ducho and how to exploit them within a complete multimodal
extraction pipeline. The guidelines and codes are accessible at this link? to run the
demos (i) on your local machine, (ii) in a Docker container, and (iii) on Google Colab.
Note that we specifically selected these demos as to replicate some real recommendation

tasks involving multimodal features.

Demo 1: visual + textual items features

Fashion recommendation is probably one of the most popular task involving multimodal
features to describe items. Generally, fashion products come with images (i.e., visual)
and descriptions (i.e., textual) which may captivate the attention of the customer.

Input data. We use a small fashion dataset where each item has its own image and
other metadata such as gender, category, colour, season, and product title. As for the
visual modality, we save a subsample of 100 random images from the dataset in jpeg

3https://hub.docker.com /r/sisinflabpoliba/ducho.
“https://github.com/sisinflab/Ducho/tree/main/demos.
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format; as for the textual modality, we produce for each of these items a description
obtained as the combination of all the metadata fields from above, and store it into a
tsv file where the first and second columns map item ids and descriptions, respectively.
Note that, if no item column name is provided, Ducho selects, by default, the last
column as the one holding the items’ descriptions.

Extraction. In terms of extraction models, we adopt VGG19 and Xception for
the product images, and Sentence-BERT pre-trained for semantic textual similarity
for the descriptions. For each extraction model, we select the extraction layer, the
pre-processing, and the library where the deep network should be retrieved from.
Output. Through the configuration file, we set Ducho to save the visual and textual
embeddings to custom folders, where each embedding is a numpy array whose filename
corresponds to the item name from the original input data. Additionally, Ducho keeps

track of the log file in a dedicated folder within the project.

Demo 2: audio + textual items features

When it comes to recommending songs to users, audio and textual features may enhance
the representation of each song, where the former are structured as a waveform, the
latter as sentences referring, for instance, to the music genre of the song.

Input data. We use a small music genres dataset where each item comes with the
binary representation of its waveform (we save it as wav audio track) and its music
genre (we interpret it as textual song description and save it into a tsv file similarly to
the previous demo). Given the heavy computational costs deep learning-based audio
extractors require, we decide to select a small subset of the input songs (i.e., 10) just
for the purpose of this demo.

Extraction. For the extraction of audio features we exploit Hybrid Demucs pre-
trained for the task of music source separation. As for the textual extraction, we re-use
the same deep neural model from the previous demo, since we are not interested in
extracting other specific high-level features from music genres.

Output. Once again, we use the configuration file to specify the output folders for
both the audio and textual embeddings. Please note that the extraction of audio
features might take some time depending on the machine you are running Ducho on,

as the deep audio extractor might require high computational resources to run.

Demo 3: textual items/interactions features

Online platforms usually allow customers to express reviews and comments about the

products they have enjoyed to share their experience with other potentially-interested
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customers. In an e-commerce scenario, items may come with textual descriptions of
the product characteristics (as seen in Demo 1). However, textual reviews of users
commenting on those items may also be involved. Unlike most existing literature
works, which usually refer to both sources of information as items’ representations, we
decide to conceptually distinguish between items- and interactions (i.e., user-item)-side
representations for the former and the latter, respectively.

Input data. We adopt the widely-popular Amazon recommendation dataset where
each user’s purchase keeps track of metadata such as customer/product ids, the review
text, the rating, and the purchase date. In a similar manner to the other demos,
we retain only a small subset of the original dataset including 100 reviews and the
corresponding product descriptions (obtained as the concatenation of their product
title and category). Specifically, we save descriptions and reviews into separate tsv files
where the former follow the same format as Demo 1 and Demo 2, while the latter maps
user /item ids to review texts. Note that the number of products does not correspond
to the number of user-item interactions as we only consider the set of unique interacted
items. While Ducho extracts, by default, description/interaction texts from the last
column of the tsv file, here we provide explicit column names to tell Ducho where to
retrieve product descriptions and user reviews from the respective tsv files.
Extraction. While for the items’ descriptions we use again the same sentences encoder
as in Demo 1 and 2, we decide to extract textual features from users’ reviews through
a multilingual BERT-based model pre-trained on customers’ reviews and specify the
task of sentiment analysis for this model.

Output. Textual item features are saved to numpy arrays whose filenames are the
item ids. Conversely, the textual interaction features are saved under the filename

obtained from user and item ids to provide a unique pointer to each review.

5.2 Reproducing and evaluating visually-aware rec-

ommender systems

In some domains, such as fashion [137], food [95], or tourism [274], the visual appearance
of a product image (e.g., piece of clothing or dish) is crucially important since it may
affect user’s final decision [124, 125]. Visual Recommender Systems (VRSs) integrate
visual features of product images extracted through an image feature extractor (referred
to as IFE, usually a CNN) into the recommendation pipeline to learn more tailored

user profiles, overcoming issues such as data sparsity and cold-start [125].
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The business of several online platforms is based on user-generated products and
images (e.g., Pinterest, Amazon, Zalando, and Instagram). Consequently, Academia
and Industry have channelled a considerable effort in designing novel approaches for
visual recommendation [65, 142, 239]. Table 5.2 provides an outline of the most popular
VRSs adopted as baselines in the recent literature, with some technical information on
the input data type, the extraction layer and the training methodology for the IFE,
and the official code link (if available).

Despite their adoption as baselines in several recent works (e.g., [16, 106, 344,
367, 374, 377]), to date nobody provided a unique framework implementing all these
VRSs. Moreover, oftentimes, reproducibility is not even a feasible option since an
official code is not always released (see “Code” in Table 5.2). Parra et al. [245] have
recently proposed a tutorial on visual recommendation, presenting some (but not all)
the above cited VRSs. Nevertheless, their work was not devoted to integrate the visual
models into a complete framework for recommendation. Additionally, the copiousness
of novel recommendation algorithms has generated confusion about choosing the
correct baselines, the hyperparameter optimization, and the experimental evaluation
to follow [267, 268]. Unreproducible evaluation and unfair comparisons [296] have
recently arisen as a critical issue in the recommender systems community [80]. To
this end, Anelli et al. [11] proposed Elliot, a framework for rigorous and reproducible
recommender systems. The project is publicly available on GitHub, and provides several
strategies for dataset loading, prefiltering, and splitting, along with hyperparameter
optimization, recommendation models, and statistical hypothesis tests to build a
reproducible experimental benchmark.

This second part of the chapter aims to provide a comprehensive demonstration of
how to use Elliot for visual-based recommendation. Elliot for Visual recommendation
(V-Elliot) implements all 6 VRSs from Table 5.2, with the possibility of leveraging:
(i) a wide range of visual side information as input (e.g., the product image or its
high-level visual feature extracted through a CNN-based IFE), (ii) a specific data input
pipeline (implemented in TensorFlow) to efficiently handle memory-intensive streams
of multidimensional data and inject them seamlessly into the recommendation flow,
and (iii) an easy-to-use tool to train and test complex configurations of heterogeneous
state-of-the-art (and custom) recommender systems by combining V-Elliot with the

Elliot environment?.

The code is publicly available at: https://github.com/sisinflab/elliot.
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Table 5.2 Most popular Visual Recommender Systems from the literature. For each work, we
report its reference, publication year, adopted side information (i.e., either the image or the
extracted visual feature of the item), the image feature extractor (with the chosen extraction
layer and the training strategy), and link to the official code (if any). FC: fully-connected,
FM: feature maps.

Side Info Image Feature Extractor
VRS Year . . . Code
Image  Feature Extraction Layer Training
FC M Pretrained End-to-End
VBPR [125] 2016 v v v X
DeepStyle [188] | 2017 v v v X
DVBPR [151] 2017 v v v [link]
ACF [60] 2017 v v v [link]
VNPR [234] 2018 v v v X
AMR [302] 2020 v v v [link]
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Fig. 5.2 Overview of V-Elliot. After the initial Loading (optionally complemented by Prefilter-
ing and Splitting strategies), the Data Input Pipeline interacts with the Recommendation
module to inject the visual data and train the model. The Metrics module evaluates the
performance, whose values can be validated by statistical hypothesis tests. The Output
module reports statistics and results.

5.2.1 V-Elliot: the visual recommendation framework

Elliot for Visual recommendation (V-Elliot) executes complex and reproducible experi-
mental flows. As pointed out in Anelli et al. [11], the flexibility of the framework allows
the user to design and run multiple possible settings through a concise configuration
file, while seven modules are transparently loaded, each playing a specific functional
role in the experimental flow. In addition to the already-existing modules (Figure 5.2),
V-Elliot introduces a component to handle the loading and injection of visual side
information (e.g., images and visual features) into the recommendation model.

The Loading module already supports various information sources (e.g., item

features, semantic information [23], visual embeddings [125], and images [151]). As for
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the visual-based input data, the user can indicate the folder path where images (or
features) are stored in separate files, which will be later injected on-the-fly into the
framework when necessary. It is common knowledge that this strategy could alleviate
the impact of memory-intensive experiments involving multidimensional visual data,
which rarely can be pre-loaded into memory in advance. Users can also configure
the settings for data pre-processing. In this respect, the Prefiltering module offers,
among all, the possibility of applying the filter-by-rating and k-core strategies on
the data, where the former removes user-item interactions whose preference score
is smaller than a fixed (or data-based) threshold, and the latter filters out users,
items, or both, with less than k interactions. Interestingly, the implementation of
k-core algorithm also allows to retain cold users and items. Then, the Splitting
module provides various temporal- and random-based splitting strategies, ranging from
hold-out to cross-validation mechanisms. V-Elliot leverages a Data Input Pipeline
to efficiently load visual-based input data and feed VRSs with it. The module is
built upon the popular TensorFlow data input pipeline, which operates according to
the producer/consumer paradigm, and consists of the following steps: (i) the next
user-item interaction is sampled from the training set, (ii) visual data that has to be
associated with the sample is loaded and (optionally) pre-processed, e.g., undergoing a
normalization phase, (iii) samples are (optionally) grouped into batches, and (iv) the
batches feed the recommendation algorithm. The Recommendation module interacts
with the Data Input Pipeline, and integrates with an ever-growing set of state-of-the-art
recommendation models seamlessly. To the best of our knowledge, V-Elliot is the
framework providing the highest number of VRSs from the literature integrated into a
complete system for recommendation (see again Table 5.2). Moreover, the simplicity
of extending the set of available recommender systems through custom and external
models, and an exhaustive number of hyper-parameter tuning strategies considerably
ease the prototyping phase. The training procedure is assisted by the Metrics module
that evaluates the model performance (with metrics ranging from accuracy to beyond-
accuracy ones) and drives the selection of the best hyper-parameters configuration.
Furthermore, the V-Elliot memory-optimized version of the visual-based Data Input
Pipeline is also exploited to speed up the evaluation process. The evaluation phase
may be further refined by computing two statistical hypothesis tests, i.e., Wilcoxon
and Paired t-test, using the Statistical Tests module. Finally, V-Elliot collects the
results through the Output module, which stores detailed performance tables, whereas
model weights and recommendation lists may be saved for the sake of reproducibility,

further analysis, and future experiments.
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5.2.2 Execution of an experimental flow
Setting

To encourage researchers to try V-Elliot, we show the experiments run on two fashion
datasets (i.e., Amazon Baby and Amazon Boys & Girls [124, 218]) filtered through the
5-core technique as suggested in He et al. [124, 125]. The final statistics are: 606 users,
1761 items, and 3882 interactions for Amazon Baby, and 1425 users, 5019 items, and
9213 interactions for Amazon Boys & Girls. For each item image, we have extracted
high-level visual features with a pre-trained ResNet50 [122], following the findings
shown in [82]. We split the data adopting the temporal leave-one-out protocol. To tune
the hyper-parameters on the validation set, we performed a grid search using HR@100
as the validation metric. Table 5.3 presents the accuracy and beyond-accuracy metric
values measured on the top-100 recommendation lists for each best model. The Elliot

configuration files are reported in Table 5.3.

Results

Table 5.3 shows that ACF is the most accurate model on Amazon Baby, providing also
the most novel recommendation lists (i.e., EFD and EPC) and being the second-to-best
regarding diversity and coverage (i.e., Gini, SE, and iCov). Interestingly, DeepStyle
settles as one of the most accurate models on Amazon Boys & Girls.

However, ACF still reaches remarkable accuracy results (it is the third-best recom-
mender), confirming the performance observed on Amazon Baby. It is worth mentioning
that the proposed analysis could be easily extended to wider search spaces, more met-
rics (e.g., bias measures), and additional (non-visual) recommender models (e.g., deep
neural collaborative models), to eventually build an exhaustive evaluation workflow for

recommendation.

5.2.3 The impact of pre-trained feature extractors

Given the representational power of convolutional neural networks (CNNs) in capturing
characteristics and semantics of the images in supervised learning tasks, such as image
classification, state-of-the-art VRSs often exploit pretrained CNNs to implement the
Image Feature Extractor (IFE) component of a VRS, as shown in Figure 5.5. This
approach allows VRSs to exploit: (i) the high-level visual representational power of
CNNs, and (ii) their ability to generalize on datasets different from the ones they were

trained on, e.g., ImageNet [88]. Despite their success, there is a lack of homogeneity in
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Table 5.3 Measured accuracy and beyond-accuracy metrics for the tested Visual Recommender
Systems and datasets on top-100 recommendation lists. Best values are reported in bold,
while the second-best are underlined.

Model Accuracy Beyond-Accuracy

HR nDCG Precision MAP EFD EPC Gini SE iCov

Amazon Baby - [ELLIOT Configuration File: demo_amazon_ baby.yml]
VBPR 0.0743  0.0160 0.0007  0.0008 | 0.0075 0.0008 0.5730  10.0093 1386
DVBPR 0.0413  0.0082 0.0004 0.0004 | 0.0039 0.0004 0.1421 7.7011 370
ACF 0.1221 0.0384 0.0012 0.0022 | 0.0169 0.0018 0.6711 10.1862 1392
DeepStyle | 0.0561  0.0117 0.0006  0.0005 | 0.0055 0.0006 0.7490 10.2992 1393
VNPR 0.0479  0.0112 0.0005 0.0006 | 0.0052 0.0005 0.2058 8.5920 965
AMR 0.0858 0.0192 0.0009 0.0010 | 0.0092 0.0009 0.5752  10.0083 1389

Amazon Boys & Girls - [ELLIOT Configuration File: demo_amazon_boys_ girls0.yml]

VBPR 0.0295  0.0068 0.0003  0.0004 | 0.0036 0.0003 0.4141 11.0699 3687
DVBPR 0.0309  0.0082 0.0003  0.0005 | 0.0038 0.0004 0.4692 11.2376 3842
ACF 0.0351  0.0075 0.0004 0.0003 | 0.0037 0.0004 0.0257 6.7975 120
DeepStyle | 0.0653 0.0210  0.0007 0.0013 | 0.0099 0.0010 0.288¢  10.5499 3176
VNPR 0.0260  0.0053 0.0003  0.0003 | 0.0029 0.0003 0.6421 11.6361 3925
AMR 0.0365  0.0094 0.0004 0.0005 | 0.0047 0.0004 0.5349 11.4075 3902

the selection of the pretrained networks in the literature, which usually happens to be a
fixed choice. For instance, Hou et al. [133] propose an explainable fashion recommender
system leveraging textual attributes, regions of item images, and a global visual profile
of images extracted through AlexNet [164] , then Chen et al. [66] use VGG19 [284] to
implement an explainable fashion recommender systems based upon image regions and
user reviews, and finally Chen et al. [59] exploit ResNet50 [122] to generate a high-level
description of recipe images which, along with textual descriptions, addresses the task
of cross-modal recipe retrieval.

In this third part of the chapter, we aim at studying the impact of the three most
popular pretrained CNN classes, namely AlexNet, VGG19, and ResNet50, used widely
in the prior literature on a suite of competitive VRSs, contemplating four models, i.e.,
VBPR [125], DeepStyle [188], ACF [60], and VNPR [234]. The combinations of these
CNNs and VRSs constitute the state-of-the-art for visual recommender models. Our
contributions are two-fold: we evaluate to what extent different CNN architectural
styles affect recommendation in terms of: (i) accuracy and beyond-accuracy metrics,
and (ii) visual diversity of recommended items with respect to the ones previously

consumed by each user.
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Fig. 5.3 A Visually-Aware Recommender System (VRS).

Visual recommendation problem

A visual recommendation problem (VRP) tailors recommendation problem to the cases
where item images are available, e.g., fashion and food recommendation. Let X be
the set of item images. We aim at finding the image feature extraction function f to
obtain the visual features of each image f(x;) = ¢;, with x; € X, enhancing, or even
replacing, the recommendation-specific item representation. When pretrained CNNs
are utilized as Image Feature Extractors (IFEs), it is common to extract the features

on the layer activations, either convolutional or fully-connected.

Related work

Several works verified performance enhancements when integrating item visual fea-
tures [74, 124, 125, 283]. The vast majority of them use high-level features extracted
from CNNs, e.g., [124, 125], that could be either pretrained on a general-purpose dataset,
e.g., ImageNet [88], or trained jointly with recommendation task, e.g., DVBPR [151].
As for the first category, VBPR [125] is the leading solution including visual features
extracted from a pre-trained AlexNet [164] to extend the BPR-MF score function [258].
A year later, Liu et at. [188] proposed DeepStyle, a VBPR-based technique that assigns
higher importance to the image style at the expense of the image category. Similarly,
Niu et al. presented VNPR [234], which concatenates the PCA-reduced represen-
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tation of item images extracted through an AlexNet-like architecture [403] to their
recommendation embeddings before feeding it into a neural-based recommender model.
Then, Chen et al. [60] implemented ACF, which (differently from the previous ap-
proaches) adopts the feature maps extracted from a convolutional layer of a pretrained
ResNet152 [122] to weight the different regions within users’ positive item images
through attention mechanisms. Chen et al. [66] designed an attention-based approach
for explainable fashion recommendations by exploiting a pretrained VGG19 [122].
While big efforts have been dedicated to building accurate VRSs, we noticed a lack in
exploring how much the chosen pretrained CNN would impact on the recommendation
performance. Indeed, we found that AlexNet, ResNet, and VGG are the most popular
networks, i.e., at least 7 papers for the first [123-125, 133, 188, 218, 234], 6 for the
second [16, 59, 60, 235, 302, 362|, and 3 for the third one [66, 344, 346], but there are
no exhaustive studies to verify their differences. In this respect, we aim to fill this gap

by studying various configurations of state-of-the-art VRSs using standard pretrained
CNNs, i.e., AlexNet, VGG19, and ResNet50.

Experiment Settings

Datasets. We investigate two fashion datasets, i.e., Amazon Baby and Amazon Boys &
Girls [124, 218]. Both were filtered through the 5-core technique as suggested in [124,
125] to avoid cold-start users, thus resulting in the following statistics: the former
counts 606 users, 1761 items, and 3882 registered interactions, while the latter covers
600 users and 2760 items, with 3910 ratings.

Image Feature Extractors. We study three IFEs: AlexNet, VGG19, and ResNet50.
The first, AlexNet [164], is a 8-layer CNN; i.e., 5 convolutional and 3 fully-connected
layers. This is one of the first architectures to introduce ReLU activation function [225]
to address the saturation issue of the tanh function. The second, VGG19 [284], is one of
the first deep-CNN, consisting of 19 layers, i.e., 16 convolutional and 3 fully-connected
layers. All convolutions are built on a 3 x 3 kernel, and, like AlexNet, ReLU is the
activation function. The last, ResNet50 [122], is the 50-deep CNN belonging to the
ResNet family. It adopts residual blocks to tackle the training degradation problem
observed in deep-CNNs. The ResNet family won the ILSVRC-2015 [191], outperforming
their non-residual counterparts, e.g., VGG19.

Visual-based Recommender Models. We explore four VRSs: VBPR, DeepStyle,
VNPR, and ACF. The first, Visual Bayesian Personalized Ranking (VBPR) [125],
calculates the predicted rating for a user u and an item 7 as ]%m- = ez e+ OJ W,

where 6, is the user’s visual latent vector, ¢; is the item feature extracted from a
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fully-connected layer, and W is an embedding matrix to project ¢; into 6,’s space.
DeepStyle [188], updates the VBPR score function by subtracting a e;— c; term where
c; embodies the categorical information of i. Visual Neural Personalized Ranking
(VNPR) [234], computes the (u,i) preference score with a MLP whose input is the
concatenation of the element-wise product of (e,,e;) and (vy,@;), where the latter con-
sists of the visual user profile and the PCA compression of ¢; . Attentive Collaborative
Filtering (ACF) [60], predicts the user’s score of an unrated item using two attention
networks to weigh its importance in the set of u-positive items and the regions within
these images. The ACF feature is the feature map extracted from a conv layer.
Evaluation Metrics. We study accuracy and beyond-accuracy metrics evaluated on
top-k recommendation lists. As for the accuracy measures, we adopt Recall@k, the
fraction of recommended products in the top-k that hit test items and the AUC, a
k-independent metric defined as the probability of ranking a positive item more than a
random negative one. Then, the beyond-accuracy measures are iCov@Qk, the percentage
of recommended items in the top-k lists and the EFDQ@E, a measure of the model
capacity of suggesting relevant long-tail (unpopular) items [310]. All the above cited
metrics range from 0 to 1, the closer to 1 the better.

Reproducibility. We split the datasets by adopting the temporal leave-one-out
paradigm, i.e., for each user, the test and validation sets contain the last and second-to-
last interactions. We apply a grid-search to tune the hyperparameters on the validation

set. We release our code® implemented in Elliot [11].

Results and Discussion

This section evaluates the effects of varying the IFE on the top of the tested VRSs.
All the metrics are computed for the top-100 recommendations. We will refer to each
of them without the k term, e.g., iCov instead of iCov@100.

Analysis of Recommendation Results. Table 5.4 reports the accuracy and beyond-
accuracy recommendation metrics. To begin with, it can be observed that VRSs built
upon ResNet50 exhibit the best recommendation performance. Indeed, we notice that
the VRS variants adopting visual features extracted from ResNet50 outperform the
other IFE in 72% of the experimented cases. AlexNet settles as the second quality-level
IFE, leaving VGG19 to the last place despite its widely-recognized ability to extract
visual and stylistic content from images [146]. We may explain this, saying that deeper
convolutional networks with residual blocks, such as ResNet50, produce more accurate

recommendations thanks to their representational power.

Shttps://github.com/sisinflab/CNNs-in-VRSs
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Additionally, we observe that the positive impact of ResNet50 on recommendation is
uniformly not confirmed for ACF. In this setting, AlexNet is the pre-trained CNN that
ensures the best accuracy performance in both the tested datasets. For instance, ACF
using AlexNet features has a Recall equal to 0.0450, compared to the ResNet50 value
of 0.0300. The reason for these outcomes could lie in the specific model characteristic.
Indeed, differently from the other explored VRSs which take the output of a fully-
connected layer as input, ACF leverages visual features extracted from a convolutional
layer for the sake of the component-level attention mentioned in Section 5.2.3. As
convolutional layers catch a lower-level representation of images compared to fully-
connected ones, it entails that the different extraction layer is dramatically reducing
the observed importance of IFE’s depth in VRSs.

Furthermore, we evaluate the effects of varying the IFE on beyond-accuracy metrics,
i.e., iCov and EFD. Similarly to the analysis of the accuracy-based results, both the
beyond-accuracy measures reach the best values when ResNet50 is used as IFE. For
example, considering the EFD measured for DeepStyle on Amazon Baby, the usage of
ResNetb0 produces the best metric value, i.e., 0.0271. In this setting, it is interesting
to notice that only by changing the IFE from the original paper [188], i.e., AlexNet,
we obtain an EFD improvement of +75%. This novel finding could be explained by
the fact that the extracted features of deeper and complex CNNs, like ResNet50, allow
learning more diverse users’ preferences.

In summary, the results validate the hypothesis according to which the impact
strength on VRSs can significantly vary based on the pretrained CNN employed. In
fact, the deeper networks, such as ResNetb0, seem to provide a much higher quality of
recommendation in strong VRSs such as DeepStyle and VBPR. For average-quality
VRSs, not a single CNN type outperforms the rest. Finally, we witness the same trend
on beyond-accuracy metrics, such as item coverage and novelty, which directly measure
the impact on users, platform owners, and third-party sellers in terms of economic
gains and experience satisfaction [2, 166].

Analysis of Users Visual Profile. This section quantitatively and qualitatively
evaluates to what extent each user’s top-100 recommended items are visually similar,
or dissimilar, to the list of positive ones. To address this analysis, we define the visual
diversity (VisDiv@k) as the Euclidean distance between the visual features centroids
extracted from both the positive and top-100 recommended items. Such distance is
calculated after the application of the t-SNE algorithm to the feature embeddings
to project them into a 2D latent space, which also come in handy for visualization

purposes (see later).



78

Chapter 5 Leveraging the visual modality in multimedia recommendation

Table 5.4 Recommendation results on top-100 lists.

Dataset | VRS IFE Recall AUC iCov EFD
AlexNet 0.1304 | 0.6308 | 0.9886 | 0.0142
VBPR VGGI19 0.1568 | 0.6344 | 0.9875 | 0.0162
ResNet50 [| 0.2063 | 0.6475 | 0.9915 | 0.0246
AlexNet 0.1337 | 0.6094 | 0.9994 | 0.0155
DeepStyle | VGG19 0.1683 | 0.6372 | 0.9960 | 0.0191
Amazon ResNet50 || 0.2195 | 0.6400 | 10.000 | 0.0271
Baby AlexNet 0.1271 | 0.5544 | 0.7910 | 0.0158
ACF VGG19 0.1073 | 0.5477 | 0.7763 | 0.0132
ResNet50 || 0.1023 | 0.5532 | 0.7791 | 0.0122
AlexNet 0.0561 | 0.5221 | 0.6303 | 0.0061
VNPR VGG19 0.0891 | 0.5349 | 0.8001 | 0.0111
ResNet50 || 0.1221 | 0.5817 | 0.9733 | 0.0141
AlexNet 0.1033 | 0.6348 | 0.9808 | 0.0137
VBPR VGGI19 0.1133 | 0.6262 | 0.9681 | 0.0140
ResNet50 [| 0.1250 | 0.6606 | 0.9837 | 0.0146
AlexNet 0.0983 | 0.6160 | 0.9993 | 0.0114
Amazon DeepStyle | VGG19 0.1133 | 0.6307 | 0.9996 | 0.0168
Boys & ResNet50 || 0.1250 | 0.6402 | 0.9957 | 0.0152
Cirls AlexNet 0.0450 | 0.5120 | 0.8043 | 0.0047
ACF VGGI19 0.0433 | 0.4955 | 0.7424 | 0.0049
ResNet50 || 0.0300 | 0.5235 | 0.7518 | 0.0029
AlexNet 0.0317 | 0.5018 | 0.5319 | 0.0043
VNPR VGG19 0.0417 | 0.5358 | 0.6272 | 0.0051
ResNet50 || 0.0800 | 0.5727 | 0.9667 | 0.0094

Table 5.5 reports the average VisDiv on all users. Investigating this quantitative
metric, it can be observed that the settings with higher VisDiv are connected to the
ones with the most accurate and diverse recommendation performance in Table 5.4.
For instance, when comparing VBPR experiments varying the IFE, both visual and
recommendation metrics reach the highest values when using ResNet50. To be specific,
VisDiv, i.e., 17.05 and 20.67, Recall, i.e., 0.2063 and 0.1250, EFD, i.e., 0.0246 and 0.0146,
on Amazon Baby and Amazon Boys & Girls respectively, confirm that a higher VisDiv
value can be linked to better recommendation performance. Coherently, comparing the
bold values of Table 5.4 and Table 5.5, it can be seen that VRSs using the IFE with
ResNet50 produce the best performing and most visually-diverse recommendations.

To conclude, Figure 5.4 helps to inspect the visual differences of the positive and
top-b VBPR-based recommended items of a user sampled from Amazon Boys & Girls

when the image features are extracted from AlexNet (Figure 5.4a) and ResNet50
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Table 5.5 Average visual diversity (VisDiv) on top-100 lists.

IFE

Dataset | VRS |1 Net TVGGI0 [ RosNeth0

VBPR 13.16 14.92 17.05
Amazon | DeepStyle 14.52 14.10 16.64
Baby ACF* 53.93 59.93 52.27

VNPR 7.40 20.75 10.32
Amazon VBPR 10.16 15.62 20.67
Boys & DeepStyle 12.32 14.27 20.08
Girls ACF* 58.46 70.73 48.31

VNPR 11.96 8.98 27.27

* Visual features have been flattened for t-SNE.

,’J
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(a) AlexNet

S

(b) ResNet50

Fig. 5.4 Positive (green) and top-5 (red) item features in the latent space for (a) AlexNet and
(b) ResNet50. The VisDiv@5 (the line connecting the two centroids) are 67.83 and 416.22

respectively.

(Figure 5.4b). It can be observed that, while the usage of AlexNet leads to the

recommendation of items visually similar to the positive ones, i.e., all items are in the

“trekking shoes" category as shown in Figure 5.4a, the application of ResNet50 makes

recommendations more diverse, i.e., boots and socks in Figure 5.4b, and even with

variable colour, e.g., the recommended jackets.

5.3 Content-style item representation for visually-

aware recommendation

Recently, there have been a few attempts trying to uncover user’s personalized visual
attitude towards finer-grained item characteristics, e.g., [60, 66, 69, 133]. These
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solutions disentangle product images at (i) content-level, by adopting item metadata
and/or reviews [69, 238], (ii) region-level, by pointing the user’s interest towards parts
of the image [66, 346] or video frames [60], and (iii) both content- and region-level [133].
Indeed, most of these approaches [60, 66, 133, 346] exploit attention mechanisms to
weight the importance of the content or the region in driving the user’s decisions.

Despite their superior performance, we recognize practical and conceptual limitations
in adopting both content- and region-level item features, especially in the fashion domain.
The former rely on additional side information (e.g., image tags or reviews), which
could be not-easily and rarely accessible, as well as time-consuming to collect, while
the latter ignore stylistic characteristics (e.g., color or texture) that can be impactful
on the user’s decision process [413].

Driven by these motivations, we propose a pipeline for visual recommendation,
which involves a set of visual features, i.e., color, shape, and category of a fashion
product, whose extraction is straightforward and always possible, describing items’
content on a stylistic level. We use them as inputs to an attention- and neural-based

visual recommender system, with the following purposes:

o We disentangle the visual item representations on the stylistic content level (i.e.,
color, shape, and category) by making the attention mechanisms weight the
importance of each feature on the user’s visual preference and making the neural

architecture catch non-linearities in user/item interactions.

o We reach a reasonable compromise between accuracy and beyond-accuracy per-
formance, which we further justify through an ablation study to investigate
the importance of attention (in all its configurations) on the recommendation
performance. Notice that no ablation is performed on the content-style input
features, as we learn to weight their contribution through the end-to-end attention

network training procedure.

Code and datasets to reproduce our model are available at: https://github.com/
sisinflab/Content-Style-VRSs.

5.3.1 Method

In the following, we present our visual recommendation pipeline (Figure 5.5).
Let & be the set of content-style features to characterize item images. Even if
we adopt S = {color,shape,category}, for the sake of generality, we indicate with

f§ € R1X% the s-th content-style feature of item i. Since all ff do not necessarily
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belong to the same latent space, we project them into a common latent space R4 i.e.,
the same as the one of e, and e;. Thus, for each s € S, we build an encoder function

encs : R1¥Vs s R1¥4 and encode the s-th content-style feature of item 7 as:

ej = ency(f;) (5.1)

where ef € R4 and encs is either trainable, e.g., a multi-layer perceptron (MLP), or
handcrafted, e.g., principal-component analysis (PCA). We use an MLP-based encoder
for the color feature, a CNN-based encoder for the shape, and PCA for the category.
Attention Network. We seek to produce recommendations conditioned on the visual
preference of user u towards each content-style item characteristic. That is, the model is
supposed to assign different importance weights to each encoded feature e; based on the
predicted user’s visual preference (7). Inspired by previous works [60, 66, 133, 346],
we use attention. Let ian(-) be the function to aggregate the inputs to the attention
network e, and e, e.g., element-wise multiplication. Given a user-item pair (u,i),
the network produces an attention weight vector a, ; = [agﬁ-,ai’i, . ,alﬂ*l] e RI*ISI

where a;, ; is calculated as:
)

aiﬂ- = wa(wrian(ey,ej) +b1) +ba = wr(wi(e, ©e€j)+by)+ba (5.2)

where © is the Hadamard product (element-wise multiplication), while w, and b, are
the matrices and biases for each attention layer, i.e., the network is implemented
as a 2-layers MLP. Then, we normalize a,; through the temperature-smoothed

softmax function [131], so that >, ay; = 1, getting the normalized weight vector

0 1 [S]-1

Qi =00, 0,0y |- We leverage the attention values to produce a unique and
7 7 b

weighted stylistic representation for item ¢, conditioned on user u:

Wi = Z Oy €7 (5.3)
seS

Finally, let oan(-) be the function to aggregate the latent factor q; and the output of
the attention network w; into a unique representation for item ¢, e.g., through addition.

We calculate the final item representation q; as:
eg =oan(e;,w;) = e; +w; (5.4)

Neural Inference. To capture non-linearities in user/item interactions, we adopt an

MLP to run the prediction. Let concat(-) be the concatenation function and out(-) be
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Fig. 5.5 Our proposed pipeline for visual recommendation, involving content-style item
features, attention mechanisms, and a neural architecture.

a trainable MLP, we predict rating 7, ; for user u and item ¢ as:

A

Ry, ; = out(concat(ey, €))) (5.5)

Objective Function and Training. We use Bayesian personalized ranking (BPR) [258].
Given a set of triples T (user u, positive item p, negative item n), we seek to optimize

the following objective function:

argmin Y —In(sigmoid(Ryp — Run)) + A|[O]|? (5.6)
e (u,p,n)eT

where ® and ) are the set of trainable weights and the regularization term, respectively.
We build 7 from the training set by picking, for each randomly sampled (u,p) pair,
a negative item n for u (i.e., not-interacted by u). Moreover, we adopt mini-batch

Adam [157] as optimizing algorithm.

5.3.2 Experiments

Datasets. We use two popular categories from the Amazon dataset [124, 218], i.e.,
Boys & Girls and Men. After having downloaded the available item images, we filter
out the items and the users with less than 5 interactions [124, 125]. Boys & Girls
counts 1,425 users, 5,019 items, and 9,213 interactions (density is 0.00129), while Men
counts 16,278 users, 31,750 items, and 113,106 interactions (density is 0.00022). In

both cases, we have, on average, > 6 interactions per user.
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Feature Extraction and Encoding. Since we address a fashion recommendation
task, we extract color, shape/texture, and fashion category from item images [304, 413].
Unlike previous works, we leverage such features because they are easy to extract and
always accessible and represent the content of item images at a stylistic level. We extract
the color information through the 8-bin RGB color histogram, the shape/texture
as done in [304], and the fashion category from a pretrained ResNet50 [59, 82, 102,
362], where “category” refers to the classification task on which the CNN is pretrained.
As for the features encoding, we use a trainable MLP and CNN for color (a vector) and
shape (an image), respectively. Conversely, following [234], we adopt PCA to compress
the fashion category feature, also to level it out to the color and shape features that
do not benefit from a pretrained feature extractor.

Baselines. We compare our approach with pure collaborative and visual-based
approaches, i.e., BPRMF [258] and NeuMF [128] for the former, and VBPR [125],
DeepStyle [188], DVBPR [151], ACF [60], and VNPR [234] for the latter.
Evaluation and Reproducibility. We put, for each user, the last interaction into
the test set and the second-to-last into the validation one (i.e., temporal leave-one-out).
Then, we measure the model accuracy with the hit ratio (HRQE, the validation metric)
and the normalized discounted cumulative gain (nDCG@k) as performed in related
works [60, 128, 389]. We also measure the fraction of items covered in the catalog
(iCov@k), the expected free discovery (EFD@QE) [310], and the diversity with the 1’s
complement of the Gini index (Gini@k) [118]. For the implementation, we used the
framework Elliot [11, 12].

5.3.3 Results

What are the accuracy and beyond-accuracy recommendation performance?
Table 5.6 reports the accuracy and beyond-accuracy metrics on top-20 recommendation
lists. On Amazon Boys & Girls, our solution and DeepStyle are the best and second-
best models on accuracy and beyond-accuracy measures, respectively (e.g., 0.03860 vs.
0.03719 for the HR). In addition, our approach outperforms all the other baselines on
novelty and diversity, covering a broader fraction of the catalog (e.g., iCov ~ 90%).
As for Amazon Men, the proposed approach is still consistently the most accurate
model, even beating BPRMF, whose accuracy performance is superior to all other
visual baselines. Considering that BPRMF covers only the 0.6% of the item catalog,
it follows that its superior performance on accuracy comes from recommending the
most popular items [39, 214, 411]. Given that, we maintain the competitiveness of

our solution, being the best on the accuracy, but also covering about 29% of the item
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Table 5.6 Accuracy and beyond-accuracy met- Table 5.7 Ablation study on different configu-

rics on top-20 recommendation lists. rations of attention, ¢an, and oan.
Model HR nDCG  iCov EFD Gini Components ‘ Boys & Girls ‘ Men
Amazon Boys & Girls — configuration file ian(-) ‘ oan(-) ‘ HR  iCov ‘ HR  iCov

BPRMF .01474  .00508 .68181 .00719  .28245 No Attention 01263  .01136 | .01462 .02208
NeuMF .02386  .00999 .00638 .01206 .00406 Add Add 02316 .00757 | .02083 .00076
VBPR 03018 .01287 .71030  .02049  .30532 Add Mult 02246 .00458 | .00768  .00079
DeepStyle  .03719  .01543  .85017 .02624  .44770 Concat | Add .01404  .00518 | .02113 .00076
DVBPR .00491  .00211 .00438 .00341  .00379 Concat | Mult .02456  .00458 | .00891  .00085
ACF 01544  .00482 .70731 .00754  .40978 Mult Add .03860 .89878 | .02021 .28995
VNPR .01053  .00429 51584 .00739  .13664 Mult Mult .02807  .00478 | .01370 .01647
Ours .03860 .01610 .89878 .02747 .49747

Amazon Men — configuration file

BPRMF .01947  .00713  .00605 .00982  .00982
NeuMF 01333 .00444  .00076  .00633  .00060

VBPR 01554 .00588  .59351 .01042  .17935
DeepStyle .01634 .006564 .84397 .01245 .33314
DVBPR .00123  .00036  .00088  .00069  .00065

ACF 01548 .00729  .19380 .01147  .02956
VNPR 00528 .00203  .59443 .00429  .16139
Ours .02021 .00750 .28995 .01242 .06451

catalog and supporting the discovery of new products (e.g., EFD = 0.01242 is the
second to best value). That is, the proposed method shows a competitive performance
trade-off on accuracy and beyond-accuracy metrics.

How performance is affected by different configurations of attention, ian,
and oan?

Following [66, 133], we feed the attention network by exploring three aggregations
for the inputs of the attention network (ian), i.e., element-wise multiplication/addition
and concatenation, and two aggregations for the output of the attention network (oan),
i.e., element-wise addition/multiplication. Table 5.7 reports the HR, i.e., the validation
metric, and the iCov, i.e., a beyond-accuracy metric. No ablation study is run on
the content-style features, as their relative influence on recommendation is learned
during the training. First, we observe that attention mechanisms, i.e., all rows but
No Attention, lead to better-tailored recommendations. Second, despite the {Concat,
Add} choice reaches the highest accuracy on Men, the {Mult, Add} combination we

used is the most competitive on both accuracy and beyond-accuracy metrics.


https://github.com/sisinflab/Content-Style-VRSs/blob/master/config_files/evaluate_amazon_boys_girls.yml
https://github.com/sisinflab/Content-Style-VRSs/blob/master/config_files/evaluate_amazon_men.yml
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5.4 Adversarial attacks and defenses in visually-

aware recommendation

The literature has shown that deep neural networks (DNNs) are vulnerable to adversarial
examples [36, 299] minimal-corrupted images crafted to fool the network. Szegedy
et al. [299] formalized the adversarial generation problem by solving a box-constrained
L-BFGS. Goodfellow et al. [115] used the sign of the gradient of the loss function to
perturb the images in the Fast Gradient Sign Method (FGSM). Madry et al. [204]
adapted FGSM and Basic Iterative Method [114] to iteratively update the perturbation
and get stronger adversarial samples. Carlini et al. [50] (C & W) boosted the Szegedy et
al. [299] strategy to craft powerful samples able to deceiving state-of-the-art adversarial
detector [49]. However, the Adversarial Training, proposed by Goodfellow et al. [115],
has demonstrated substantial DNN’s protection when adversarial samples are injected
into the training data at a long-time training cost. This issue has been recently
addressed by Shafahi et al. [275] with the proposal of the 3 —30 times faster Free
Adversarial Training.

Consequently, adversarially-perturbed product images have been also shown to fool
the DNNs used in visually-aware recommender systems (VRs) to extract the visual
features [84]. Tang et al. [302] tested the accuracy degradation when VBPR is trained
on noisy images (integrity attack), while Noia et al. [235] demonstrated the adversary’s
capability to increase (or decrease) the recommendability of a category of products
(integrity attack) even on the adversarial reqularized [127] version of VBPR, namely
AMR [302].

In this last part of the chapter, we investigate the efficacy of defensive mechanisms
[115, 275] against powerful attacks [48, 115, 204] when the adversary wants to alter the
recommendation lists of a VRS by poisoning the training data by inserting adversarial
product images, e.g., one perturbs images of low popular products so that they are
misclassified as popular ones. Furthermore, we provide a visual-oriented evaluation of
adversarial images through offline visual metrics trying to mimicking human evaluation
to verify to what extent users might become aware of such subtle data poisoning in
the received recommendations (Figure 5.6).

The main contributions are twofold: (1) we verify the inefficacy of state-of-the-art
adversarial training procedure in defending the DNNs used in VRS from adversarially-
poisoned training product images; (2) we evaluate the human-perceptibility with
offline measures. Source code, data, and experimental parameters are available at:
https://github.com/sisinflab/Perceptual- Rec- Mutation-of- Adv- VRs.


https://github.com/sisinflab/Perceptual-Rec-Mutation-of-Adv-VRs
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a. Clean b. Attack + T c. Attack + AT d. Attack + FAT
Rec. Position: 68th Rec. Position: 10th Rec. Position: 27th Rec. Position: 40th
LPIPS: 0.5484 LPIPS: 0.5347 LPIPS: 0.3447

Fig. 5.6 (a) is the image of a low-recommended product. (b, ¢, d) are the perturbed versions
with PGD (e = 8) applied against DNNs without defense (T), or with the Adversarial Training
(AT) and Free AT (FAT). The attacks have pushed the product towards higher ranking
positions without wvisually-perceptible artifacts.

5.4.1 The threat model

The dependence of a VRS from visual features extracted from pre-trained DNNs
has been exploited by adversaries to poison the training data with the insertion of
adversarial samples [195, 235, 302]. To generate the targeted adversarial attack the
optimization problem formulation is:
Ji:ﬁ%?H)piée Lp(xi+0;,y;) st. yi=m (5.7)
where F'is a DNN, Lr is the cost function of F', §; is the e-bounded perturbation of x;
that will make the product image be misclassified by F' as the (more popular) product
category m, and ||-||,, is the L, norm. For instance, the adversary can poison the data
adding a perturbed image of “Jersey, T-shirt” misclassified as “ Brassiere” (Fig. 5.6)
causing a variation in the VRS since f; will be extracted from x?d“ =x;+0;.
Recently, studies on the robustification of DNNs have shown the adversarial training
by Goodfellow et al. [115] is one of the most prominent defense technique. After the
definition of the adversary threat model (i.e., the attack strategy), the adversarial

minimax formulation is:

min = » max  Lp(x;+6;, y;) (5.8)
(X’iayi)ez

where 0 represents the model parameters of the robustified network (ﬁ’ ).
Let f; the visual features of the image x; associated to a product image extracted

from F. In this work, we want to verify if the application of adversarial training
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methods can limit poisoning attacks against VRSs [235, 302] since each user-item score
prediction Ry depends on f;. Furthermore, we want to investigate whether the usage
of adversarial trained DNNs will make the adversarial perturbation evident to such an

extent that it makes the perturbed samples identifiable via a human evaluation.

5.4.2 Experiments
Setup

The experiments are conducted on two fashion datasets, i.e., Amazon Women and Amazon
Men made publicly available by He et al. [124]. They come with both users’ ratings
and product pictures uploaded by the platform owner and third-party sellers (say,
the possible adversaries). Amazon Women counts 16668 users, 2981 items, and 54473
ratings, while Amazon Men counts 24379, 7371, and 89020. We split the data following
the time-aware leave-one-out protocol [127].

To empirically study the efficacy of defenses and evaluate the visual appearance
of adversarial samples, we tested two VRS: VBPR by He et al. [125], and AMR by
Tang et al. [302], a VBPR extension that includes the adversarial regularizer of visual
features proposed by He et al. [127]. The complete set of experimental parameters is

reported in the GitHub repository.

Evaluation of Recommendation Performance

Table 5.8 shows the recommendation variation before and after the attacks. We evaluate
the variation of recommendation with the Category Hit Ratio [235], that measures
the average number of a (pushed) category of items in the top-K recommendation
lists. In particular, results in Table 5.8 are measured on the following source-target
combinations: “Sandal”-“ Running Shoe” for Amazon Men, while “Jersey, T-shirt”-
“Brassiere” for Amazon Women, where the adversary tries to push a source category by
perturbing the product picture to be classified as a target class, e.g., the class of a very
popular category.

Analyzing VBPR outcomes, PGD attack shows the highest variation of Category
Hit Ratio @ 20 in the defense-free experiments. For instance, PGD (e = 8) increases
by more than 2.3 times the Category Hit Ratio @ 20 of the source category in the
<Amazon Women, VBPR, Traditional> setting. The same trend is not true for the
defense contexts. C&W attacks have increased the Category Hit Ratio @ 20 by 71.09%,
while PGD (e =8) by 69.35%. Furthermore, Table 5.8 confirms that the adversarial
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Table 5.8 Category Hit Ratio @ 20 results on Amazon Women and Amazon Men. We mark in
bold the most effective attacks.

Amazon Women Amazon Men
Model — Attack T AT FAT | T AT FAT
No-Attack 0.4377 0.5108 0.3417 | 0.6352 0.3028 0.3702
FGSM (e=4) | 0.3860 0.6032 0.6088 | 0.5665 0.6029 0.5688
FGSM (e =8) | 0.4057 0.6186 0.6313 | 0.6052 0.5879  0.5596
PGD (e =4) 0.4377 0.6309 0.6263 | 1.0936 0.6211 0.5778
PGD (e =8) 1.4462 0.6413 0.6139 | 1.5736 0.6247 0.6141
C&W 0.4147  0.6280 0.5729 | 0.5972 0.6652 0.6444
No-Attack 0.9449 0.8342 0.5063 | 0.3876 0.4924 0.1070
FGSM (e=4) | 1.3173 0.7135 0.4565 | 0.3295 0.4332  0.4103
FGSM (e=8) | 1.2814 0.7137 0.4429 | 0.3053  0.4318  0.4007
PGD (e =4) 1.1958 0.6473 0.4900 | 0.8064 0.4435 0.4173
PGD (e =8) 1.2377  0.6770 0.4445 | 2.1264 0.4323 0.3942
C&W 1.3012 0.7159 0.4977 | 0.3610 0.4293 0.4378

VBPR

AMR

training strategies have failed in protecting VBPR since the data poisoning is always
effective in any defended settings.

Investigating AMR results, the attacks are quite effective in the defense-free set-
tings as much as in VBPR, and confirm PGD (e = 8) as the most powerful method.
Interestingly, the joint usage of (1) adversarial training procedures on the DNN and
(2) the adversarial regularization on the recommender embeddings (APR) significantly
reduced the effectiveness of the dataset poisoning. Indeed, 75% of attacks have not

increased the Category Hit Ratio @ 20 of the low popular category of products.

Visual Evaluation

To investigate the efficacy of attacks in poisoning the VRS, we studied the attack
Success Rate (SR), the Feature Loss (FL), and the Learned Perceptual Image Patch
Similarity (LPIPS) [386]. Given the importance that visual features hold in VRSs,
FL calculates the MSE between extracted features before and after the attack. That
is, it provides a measure of visual features’ shifting in the latent space, and how this
has affected recommendation. The idea behind LPIPS is to produce a perceptual
distance value between two similar images by leveraging (1) knowledge extracted
from convolutional layers inside state-of-the-art CNNs and (2) collected human visual
judgments about those pairs of similar images. We computed this metric fine-tuning a
VGG [284] network since Zhang et al. [386] proposed this configuration as the best one
at imitating a real human-evaluation in circumstances comparable to visual attacks.
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Table 5.9 reports the LPIPS results, along with SR and FL values. It is worth
recalling that a large (small) FL value stands for semantically different (similar) images
from DNN’s point of view. Similarly, a large (small) LPIPS value means the two
compared images would likely be considered as wvisually different (similar) by humans.

Two general observations arise here. First, the FL is strictly correlated to the SR,
i.e., an attack is successful when the extracted features are noticeably shifted in the
latent space. Second, all attack combinations are able to keep LPIPS values within low
ranges, in accordance with the imperceptible nature of adversarial perturbations on
images [299]. Thus, we connect this obtained measure with the attack efficacy in both
failing the classifier (i.e., the DNN) and the VRS. What follows is a detailed evaluation
of scenarios involving (or not) defensive techniques for the DNN.

Defense-free Setting. In the defense-free scenario, PGD (e =4) is the least perceptible
attack (with the lowest LPIPS values) even considering a near-100% SR and a successful
pushing of attacked products. On the other hand, FGSM (e = 8) fails to hide the
produced perturbations, reaching the highest perceptible visual difference on Amazon
Women (2.8505). Coherently, this setting also shows a low SR and a weak alteration of
visual recommendations (see Table 5.8).

Defense Setting. Let us focus on the two defenses. Here, it becomes fundamental
to consider the LPIPS value along with its corresponding SR and recommendation
variations. As a matter of fact, in a defense context, where all attacks averagely tend to
perform worse at failing the DNN classifier, a measured low average LPIPS value might
trivially mean very few images were successfully attacked. For instance, the described
situation occurs in the combination <Amazon Men, PGD (e =4), Adversarial Training>.
However, since these attacks have still been effective in pushing low ranked category
products (as evident in Table 5.8), then adversaries could exploit their hardly-human
perceptibility to craft even stronger perturbations (e.g., increasing €). An intriguing
situation is when LPIPS on the defended DNN is higher than the non-defended one.
The worst case is <Amazon Men, FGSM (e = 8), Adversarial Training>, which shows a
34% increase of LPIPS compared to the Traditional training. We explain this result
considering that and attack might need to produce larger perturbations to move the
category of the few correctly attacked images (about 24% in the cited example) towards

the targeted one. Not only is the attack inefficient, but it risks human identification.
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Table 5.9 Average values of Success Rate (SR), Feature Loss (FL) and Learned Perceptual
Image Patch Similarity (LPIPS) for each <dataset, attack, defense> combination. LPIPS is
multiplied by 100. We mark in bold the best results for each considered metric.

Image Feature Extractor

Dataset Attack Traditional Adversarial Training Free Adversarial Training
SR FL LPIPS SR FL LPIPS SR FL LPIPS

FGSM (e=4) | 17.70% 0.0096677  0.2388 | 0.00% 0.0000113  0.1353 | 0.00% 0.0000094  0.1041
FGSM (e=38) | 28.32% 0.0220499  2.8505 | 2.65% 0.0000851  1.8298 | 0.00% 0.0000671  1.2119

i;ia;:: PGD (e =4) 84.96% 0.0276645 0.1860 | 0.00% 0.0000119  0.1093 | 0.00% 0.0000102  0.0860
PGD (e=8) | 100.00% 0.1303309 1.1136 | 3.54% 0.0000974  0.7683 | 0.00% 0.0000735  0.6369

C&W 89.38% 0.0212380  0.2678 | 6.19% 0.0001770 0.0731 | 6.19% 0.0003376 0.0816

FGSM (e=4) | 65.45% 0.0140948  0.1861 | 18.32%  0.0000330  0.1407 | 15.18%  0.0000278  0.1074

Amazon FGSM (e=8) | 86.91% 0.0363190  1.7124 | 23.56%  0.0002658  2.2903 | 20.42%  0.0002320  1.2293
Men PGD (e=4) 96.86% 0.0368843  0.1669 | 18.32%  0.0000334 0.1257 | 15.18%  0.0000283 0.0892

PGD (e=38) 100.00% 0.1349854 0.6916 | 24.08%  0.0002801  0.7997 | 20.94%  0.0002371  0.6468
C&W 89.01% 0.0205172  0.2279 | 48.17% 0.0028022 0.2688 | 42.41% 0.0019080 0.1490

5.5 Summary

This chapter was devoted to analyzing and proposing novel solutions to the technical
challenges recognizable in multimedia recommendation (and outlined in the previous
chapter) in the particular setting of visually-aware recommender systems. First, a
unified framework for the extraction of multimodal features in recommendation (Ducho)
was proposed. Second, to seek reproducibility in visual-based recommender systems, V-
Elliot (an extension of the Elliot framework) was introduced. The two frameworks were
later exploited to benchmark the performance of visually-aware recommender systems
with a number of pre-trained visual extractors, highlighting how deeper visual feature
extractors (i.e., ResNet50) may provide improved recommendation performance on
accuracy and beyond-accuracy measures, both qualitatively and quantitatively. Later,
other outlined technical challenges were addressed by considering two scenarios and
tasks in visually-aware recommendation: (i) fashion recommendation and (ii) adversarial
attacks/defenses against visually-aware recommender systems. In terms of (i), we
proposed a novel approach able to disentangle the users’ preferences at the granularity
of content-style properties of fashion products, outperforming other recommendation
baselines on a number of accuracy and beyond-accuracy recommendation measures;
moreover, an ablation study further motivated the design choices for our proposed
approach. Regarding (ii), an investigation on the effects of adversarially-attacked
product images for visual-based recommendation, along with defensive countermeasures,
shed light on how such attacks may be perceived by the human customers on a number
of computer vision metrics; specifically, we demonstrated the alarming weakness of
adversarial training in protecting the recommendation performance, while the visual

evaluation suggested defense scenarios with few successfully attacked images and barely
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perceptible visual artifacts that still keep breaking recommendation performance are
blind spots that adversaries could explore deeper for their malicious purposes.

This chapter, along with the previous one, conclude the thesis’ section about
recommendation approaches leveraging multimodal information. The next chapter will
deal with the second core topic discussed in this thesis, namely, graph neural networks

(GNNs)-based recommendation approaches.






Chapter 6

Evaluation of graph-based

recommender systems

By leveraging the same experimental and evaluation paradigms adopted in the previous
chapters of the thesis, the current chapter proposes a multi-sided analysis on the
second main topic of this thesis work, namely: GNNs-based recommender systems.
As such approaches embrace the family of recommendation models leveraging the
collaborative filtering paradigm, and following the naming scheme proposed in state-
of-the-art techniques from the literature, we introduce the term “graph collaborative
filtering” to indicate the novel paradigm adopting graph neural networks for collabora-
tive filtering. In the following, we first describe how we introduced six state-of-the-art
graph collaborative filtering approaches into Elliot, and made it into an out-of-the-box
application at the convenience of researchers and practitioners in the field. After
that, we use this tool to rigorously reproduce the results of such approaches on a
number of popular recommendation datasets. Our analysis helps uncovering unex-
pected insights, especially regarding the possible connection between graph topological
properties and recommendation performance of graph-based recommender systems.
Indeed, we decide to conduct an in-depth study on this aspect, which sheds light on
possible re-interpretations of topological properties of the user-item graph under the
recommendation perspective, thus questioning the current architecture and strategies
in graph collaborative filtering. In the last part of the chapter, the focus is on another
novel evaluation dimension of graph-based recommender systems. By recognizing
a taxonomy categorization of approaches in the literature, according to which node
representation and neighborhood exploration are the core strategy patterns which vary
within the large plethora of solutions proposed so far, we evaluate the graph models’

efficacy on a number of beyond-accuracy recommendation measures, accounting for
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novelty, diversity, and consumer/provider fairness, using a single and multi-objective

evaluation setting.

6.1 Graph collaborative filtering within Elliot

Despite the outbreak of graph-based recommender systems in both academia and
industry by surpassing traditional CF approaches, limited effort has been put into
building unified and comprehensive frameworks to train and evaluate state-of-the-art
models. Among the most noticeable mentions, we may recall RecBole [396, 397], which
implements eight graph recommendation models for general recommendation (e.g.,
NGCF [325], Light GCN [126], DGCF [328], SGL [343], NCL [179], and SimGCL [371]).
Recently, Zhu et al. [409] pave the way to a shared benchmarking pipeline for recommen-
dation (i.e., BARS), and integrate thirteen models from the graph CF literature (besides
some of the aforementioned models, they also reproduce, for instance, PinSage [369],
DisenGCN [199], NGAT4Rec [285], GFCF [278], and UltraGCN [217]).

In this first part of the chapter, we show how to run extensive experimental settings
for six popular graph collaborative filtering models (i.e., NGCF, Light GCN, DGCF,
SGL, UltraGCN and GFCF) that we recently integrated into Elliot [11], our framework

for recommender systems evaluation. Our contributions may be summarized as follows:

« Differently from the stable version of Elliot! which uses TensorFlow as the primary
backend [12], we introduce PyTorch Geometric? (i.e., one of the most popular
Python libraries for geometric deep learning) as the additional backend to design
graph-based baselines adopting the explicit message-passing schema; at the time of

this publication, only a few other frameworks have started to adopt it [397].

o Given the known reproducibility issues related to some non-deterministic operations
in PyTorch Geometric [272], we implement message-passing with sparse adjacency

matrices [219].

o In contrast to existing similar solutions (i.e., RecBole and BARS), we implement six
state-of-the-art graph baselines by following a novel model categorization [17, 18]
that distinguishes between methods using explicit message aggregation (i.e., NGCF,
Light GCN, DGCF, and SGL) and going beyond the concept of graph convolution
(i.e., UltraGCN and GFCF).

thttps://github.com/sisinflab/elliot.
2https://pytorch-geometric.readthedocs.io/en/latest/.


https://github.com/sisinflab/elliot
https://pytorch-geometric.readthedocs.io/en/latest/
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Fig. 6.1 Architecture of Elliot for graph collaborative filtering. We integrate PyTorch
Geometric as backend, categorize graph models into two classes, and dockerize the application.

o As we leverage GPU boost by running PyTorch baselines with CUDA, we prepare a
Docker image? creating a self-consistent and out-of-the-box experimental environ-
ment that requires minimal third-party libraries installed on the local machine. To
the best of our knowledge, Elliot is the first recommendation framework to offer

such functionalities.

Codes, datasets, and a video tutorial to install and launch the application are accessible

at a public GitHub repository?.

6.1.1 Proposed application

This section presents our application for graph collaborative filtering in Elliot. First,
we focus on the integration of PyTorch Geometric by addressing its reproducibility
issues. Then, we describe the complete procedure to dockerize our application. Finally,
we outline the steps to easily install and train/evaluate a graph recommender.

PyTorch Geometric in Elliot. Figure 6.1 depicts the overall architecture for our
framework, organized into: (i) data preparation, (ii) recommendation, and (iii) perfor-
mance evaluation. Diving into each of these modules is out of the scope of this paper
(we extensively explained them in previous works [11, 12]). Conversely, our main focus
is on integrating PyTorch Geometric into the existing Elliot environment to build and
run graph recommendation models. It is worth mentioning that, in contrast to other
graph recommendation frameworks, we propose a novel model categorization [17, 18]
where we consider (i) explicit message-passing (e.g., Light GCN) and (ii) the simplifica-
tion of graph convolution (e.g., UltraGCN). In the following, we deepen into graph

convolution for recommendation.

3https://hub.docker.com /r/sisinflabpoliba/demo-graph.
4https://github.com /sisinflab /Graph-Demo.
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Given a user and item embeddings e, and e;, the general formulation for the message-

passing schema after [ hops is:

)

o) —w({el N en ), ¥ =u({SV i en®)), ()

messages messages

where w(-) is the message aggregation, while AV'(u) and N (i) are the sets of 1-hop
neighbor nodes for u and .

Graph approaches leveraging message-passing (i.e., NGCF, Light GCN, DGCF, and
SGL) inherit the MessagePassing base class [251]. This class provides, among the
others, the functions propagate (which performs both the message and aggregate
operations, defining the generic message and the message aggregation, respectively)
and forward (which generates the outputs). The required input format to the forward
function are the node embeddings at hop [ —1 (E(lfl)) and an edge array of dimension
2x2M (edges), with M as the number of user-item/item-user recorded interactions,
storing indices of users and items with a bidirectional connection.

Such implementation is straightforward, especially because it permits explicitly defining
the custom message formulation for the generic node as done in several works from the
literature (refer again to Equation (6.34)). However, there are known reproducibility
issues [272] related to some operations in PyTorch Geometric since it could behave
non-deterministically (e.g., the scatter function, called by aggregate). To handle it,
we follow one of the most common strategies [272]. That is, we reformulate the single
node message-passing schema from Equation (6.34) into a matrix formulation adopting
sparse adjacency matrices [219]. As an example, let us define the message-passing
formula for Light GCN [126] as:

ell) = Z eg,lfl), egl): Z e?(ffl). (6.2)
#EN (u) w EN (i)

We may rewrite it into the following compact expression:
EO = AE(D, (6.3)

where A is the sparse adjacency matrix for the bipartite and undirected user-item
graph. By passing A; instead of edges as input to forward, it will trigger the call
of the message_and_aggregate function, which does not make use of the scatter
operation. Unfortunately, this workaround is not always feasible (e.g., DGCF [328]).
Dockerization. As in similar Python frameworks for machine and deep learning (e.g.,
TensorFlow), PyTorch Geometric also supports models’ training and inference with
CUDA technologies for NVIDIA GPUs. Setting up a suitable development environment
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Fig. 6.2 Screenshot of the application start, where user can select the model (e.g., NGCF)
and the dataset (e.g., Gowalla).

where versions compatibility is ensured for CUDA, cuDNN, and other third-party
libraries could be cumbersome in some cases, especially in scenarios where users may
need different installed versions of the same frameworks and libraries on one workstation.
To tackle this challenge, we decide to leverage Docker® to create a self-consistent and
out-of-the-box environment that provides the necessary libraries already installed in
a proper configuration setting. Quite conveniently, we adopt the Docker container
toolkit provided by NVIDIAS for the creation of containers equipped with customizable
versions of CUDA and cuDNN.

First, we build a Docker image derived from this NVIDIA image’, which comes
with Ubuntu 20.04, CUDA 11.6.2, and cuDNN 8. Additionally, the custom image
includes other useful Linux packages (e.g., Python 3.8 and pip), a cloned version of
our GitHub repository for this demonstration, and all required Python packages to
run the framework. You may refer to this link for the Dockerfile we use to build
the image. Finally, to pull and run a Docker container from it, we also release the
docker-compose YAML file (accessible at this link). It allows all GPUs on the machine
to be used within the container, creates a bind mount between the results/ folder in
the container and a homonym folder on the host (thus storing files permanently), and

runs the application.

*https://www.docker.com/.

Shttps://github.com/NVIDIA /nvidia-docker.
"https://dockr.ly/3aWAtWt. The URL has been shortened to save space.
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https://www.docker.com/
https://github.com/NVIDIA/nvidia-docker
https://dockr.ly/3aWAtWt
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Installation and running. Thanks to the core functionalities of NVIDIA-powered
Docker containers, the installation requirements needed to run our application are
minimal. You may refer to the official installation guide®.

As for the pre-requisites, ensure you have the proper NVIDIA drivers installed on the
host machine. Then, follow the indicated procedure to install Docker” and the NVIDIA
Container Toolkit!?. If everything works smoothly, you should be able to pull and run
a Docker container with any CUDA and cuDNN versions (you may test the application
by launching a container with the command nvidia-smi which shows a snapshot on
the GPU usage). Finally, Docker Compose needs to be installed on the host machine.
Once everything has been correctly set up, the custom Docker image can be pulled,
and a container can be instantiated from it. To do so, you may use the docker-
compose YAML file we provide in the GitHub repository. When the application
starts (Figure 6.2), the user is asked to insert the model’s name and the dataset, that
is downloaded on-the-fly from the cloud. After that, the selected model is trained,
validated, and tested on the chosen dataset for some hyper-parameter configurations
(see later). You may refer to the official Elliot’s documentation'! and GitHub page for
a comprehensive presentation of the formatting of the results. We also release a video

tutorial for the reader!2.

6.2 Reproducing and benchmarking graph-based

recommender systems

In recent years, great effort has been devoted in creating GNN-based models that ad-
dress the critical issues of existing models, such as the over-smoothing phenomenon [54]
and scalability issues [369]. These cutting-edge models are taking the world of recom-
mender systems by storm and ushering in a new era of accuracy [185, 217, 248, 278, 348|.
Over the past ten years, the application of neural techniques rooted in graph represen-
tation learning, such as graph convolutional networks [158] (GCNs), has introduced a
fresh perspective on traditional collaborative filtering (CF) approaches. Rather than
relying solely on user-item interactions for optimization [128, 160, 258], GCN-based

Shttps://docs.nvidia.com /datacenter /cloud-native/container-toolkit /install-guide.
html.

Yhttps://docs.docker.com /engine /install /ubuntu/.

Whttps://docs.nvidia.com/datacenter/cloud-native/container-toolkit /install-guide.
html#setting-up-nvidia-container-toolkit.

Uhttps://elliot.readthedocs.io/en/latest /.

Zhttps://www.youtube.com/watch?v=_ Bpgf4dwnwlIU.
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https://docs.nvidia.com/datacenter/cloud-native/container-toolkit/install-guide.html#setting-up-nvidia-container-toolkit
https://docs.nvidia.com/datacenter/cloud-native/container-toolkit/install-guide.html#setting-up-nvidia-container-toolkit
https://elliot.readthedocs.io/en/latest/
https://www.youtube.com/watch?v=_Bpgf4wnwIU
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methods enable the extraction of both short- and long-distance user preferences toward
items [325]. By incorporating multi-hop relationships into the embeddings of users
and items, these learned profiles yield more precise recommendations, as evidenced in
the literature [126, 217]. Nevertheless, more researchers obtained different accuracy
outcomes in independent experiments and began questioning the graph collaborative
filtering (graph CF) prominence [409).

The original GCN layer employs message-passing techniques to refine the node
representations of users and items through the iterative aggregation of their respec-
tive multi-hop neighbor nodes. While early attempts focused on simple aggregation
methods [32, 369], recent solutions have advanced the field by exploring the inter-
dependencies between nodes and their neighbors [325], designing simplified versions of
the graph convolutional layer [61, 126] and learning multiple nodes’ views [343, 371]
augmented via self-supervised and contrastive learning to improve model accuracy.
Moreover, current trends aim to simplify message-passing formulations [217, 248, 278],
explore other spaces for graph-based recommendation tasks [278, 290, 388], and use
hypergraphs to capture complex user-item dependencies [333, 349]. To filter out noisy
neighbors and uncover hidden preference patterns, a complementary research field
emerged that focuses on learning importance weights through attention mechanisms,
such as those employed in the graph attention network [313] (GAT). While some models
aim to recognize meaningful user-item interactions at a higher level [305, 324], others
disentangle relations on a finer-grained scale [328, 388]. The recent advancements in
GCN-based techniques have opened up new avenues for more accurate and effective
recommendation systems.

Reproducibility is the cutting-edge research task in which researchers replicate
experimental results using the same data and methods [31, 79, 80, 296]. In the case of
graph CF, several factors contribute to the lack of reproducibility. Firstly, many graph
CF studies copy previous results found in the literature for the same datasets, which
makes it challenging to compare and reproduce results across different studies. Secondly,
such studies do not provide the implementation of the adopted baselines, which makes
it difficult to assess the effectiveness of different models. Furthermore, graph CF studies
frequently do not provide complete information since they do not always share the
experimental setups, such as hyper-parameter settings and training procedures. This
lack of transparency makes it challenging to reproduce results and verify the validity
of the findings. The lack of reproducibility in graph CF is a significant issue because
it undermines the research’s credibility and hinders the field’s progress. To address

this problem, researchers should strive to provide more detailed descriptions of their
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experimental setups and make their code and datasets publicly available. Additionally,
the research community should work together to establish standard evaluation metrics
and experimental protocols to promote reproducibility and facilitate comparison across
different studies.

To this aim, this part of the chapter reports on a notable reproducibility effort to
re-implement and replicate the results of six state-of-the-art (both well-established
and recent) papers on graph collaborative filtering, namely, NGCF [325], DGCF [328],
Light GCN [126], SGL [343], UltraGCN [217], and GFCF [278]. In particular, we
provide an in-depth experimental analysis of the papers, conducting the experiments
from scratch on the three datasets adopted in the original papers: Gowalla [176], Yelp
2018 [126], and Amazon Book [124]. Notably, the investigation extends the previous
works by incorporating state-of-the-art classical collaborative filtering baselines such
as UserKNN [259], TtemKNN [271], RP33 [246], and EASER [289)] to correctly position
the graph CF methods in the recommender systems state-of-the-art.

The study’s findings reveal that RP?3 ranks as the second-best method with the
Yelp 2018 dataset, indicating that the original papers would have needed a more
comprehensive evaluation. To this end, the evaluation benchmark incorporates two
additional datasets, Allrecipes [102] and BookCrossing [412], which are common in
the recommendation literature but uncommon in the graph CF-specific literature.
However, surprisingly, the rankings significantly differ on the Allrecipes dataset, and
the mathematical formulation of the graph CF methods is not sufficient to account
for these outcomes. This observation leads to further investigation to comprehend the
experimental results. Examining the dataset topological characteristics shows that the
overall number of users and items and the average user and item degree vary from dataset
to dataset. This observation may indicate the amount of information transmitted
from node to node in the computational graph. According to the mathematical
background, the analysis of the results is then threefold, focusing on the impact of (i)
the coldness/warmness of a user, (ii) the popularity of the enjoyed items, and (iii) the
size of the user neighborhood and the coldness/warmness of the neighbors. The users
are partitioned in quartiles accordingly, and the experiments are re-evaluated to obtain
more fine-grained results that motivate the outcomes for all the considered datasets.

Overall, the study aims to comprehensively answer several research questions,

including:

RQ1. Is the state-of-the-art (i.e., the six most important papers) of graph collaborative
filtering (graph CF) replicable?
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RQ2. How does the state-of-art of graph CF position with respect to classic CF
state-of-the-art?

RQ3. How does the state-of-art of graph CF perform on datasets from different domains
and with different topological aspects, not commonly adopted for graph CF

recommendation?

RQ4. What information (or lack of it) impacts the performance of the graph CF

methods across the various datasets?

The following introduces the background and the experiments to answer the outlined
research questions. First, in Section 6.2.1, we present the background technologies
and the reproducibility details to conduct our study. Then, in Section 6.2.2, we report
the reproducibility results, whose insights are complemented by adding novel classic
CF baselines (i.e., Section 6.2.3). Furthermore, an investigation upon graph topology
sheds light on the discrepancies of the graph CF approaches on two introduced datasets
(i.e., Section 6.2.4). By reinterpreting the concept of users’ node degree as information
flow from the multi-hop neighborhoods to the user, we unveil the behavior of the
graph and classic CF. Codes and datasets to reproduce our analysis are available
here: https://github.com /sisinflab /Graph-RSs-Reproducibility.

6.2.1 Background and reproducibility analysis

The current section is aimed to provide the background about selected state-of-the-art
methodologies in graph CF and their reproducibility details as presented in the original
papers. First, the main aspects about graph-based models are introduced to conduct a
chronological analysis of the strategies behind each algorithm. Then, we assess the
experimental settings as reported in the original works by focusing on the chosen

baselines, the datasets involved, and the training-testing protocol adopted in each case.

Graph collaborative filtering

In graph CF, users, items, and their interconnections are viewed as a bipartite and
undirected graph. Let U and Z be the sets of users and items in the recommendation
system, respectively. Then, let R € RIUIXIZ] e the user-item interaction matrix where,
in an implicit feedback scenario, R,; = 1 if user u € U interacted with item i € Z,
0 otherwise. We build the adjacency matrix A € RIMIFHZD*WUIHIZ) jndicating the
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bi-directional connections linking users and items in R:

A= LST 1:] | (6.4)

We use the set of users and items, along with the adjacency matrix, to formally define
the user-item bipartite and undirected graph G = {U/UZ,A}.

By associating users’ and items’ nodes to embeddings, the vast majority of ap-
proaches iteratively update their representations at different hop distances through the
message-passing schema [42, 111].

For the second part of this chapter, we select and reproduce the results for six widely-
recognized state-of-the-art approaches in graph CF, namely, NGCF [325], DGCF [328],
Light GCN [126], SGL [343], UltraGCN [217], and GFCF [278] (refer to Section 6.2.2).
This selection is motivated by two aspects: (i) such models are adopted as baselines
in recent works from top-tier venues (see the second column in Table 6.8); (ii) their
strategies cover a wide spectrum of techniques in graph CF. To provide a chronological

overview of such techniques, in the following, we report their main aspects:

« NGCF. Neural graph collaborative filtering [325] (NGCF) is among the pioneer
approaches in graph CF. Its message-passing schema works by aggregating the
neighborhood information and the inter-dependencies among the ego and the neigh-
borhood nodes (note that a normalized Laplacian adjacency matrix is used during

the message-passing).

« DGCF. Disentangled graph collaborative filtering [328] (DGCF) assumes that
user-item interactions can be disentangled into independent intents, where each
stands for a specific aspect describing the user’s preference towards the item. The
model learns a set of weighted adjacency matrices refining the user-item importance

related to a specific intent.

o LightGCN. Light graph convolutional network [126] (Light GCN) suggests that a
more light-weight formulation of the graph convolutional layer proposed by Kipf et al.
[158] can lead to superior accuracy performance in the recommendation scenario.

Specifically, the architecture removes feature transformations and non-linearities.

o SGL. Self-supervised graph learning [343] (SGL) is among the first attempts to bring
the lesson-learned from self-supervised [138] and contrastive [153] learning to graph
CF. Built upon a Light GCN-based convolutional layer, the model learns different

views of nodes by performing node/edge dropout and random walk operations on the
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graph topology. A self-supervised contrastive loss component is added to encourage
the consistency among different views of the same node and the divergence among

different nodes.

« UltraGCN. Ultra simplification of graph convolutional network [217] (UltraGCN)
addresses some crucial issues in graph CF. Specifically, the authors propose a
novel message-passing schema that mathematically approximates the infinite-layer
propagation through a single (simplified) node update iteration. The adjacency
matrix is normalized through a modified Laplacian formulation that accounts for the
asymmetric weighting of connected nodes in user-user and item-item connections.
Moreover, two loss components are introduced to tackle the over-smoothing effect

and learn from the usually-unexplored type of node relationships such as item-item.

o GFCF. Graph filter-based collaborative filtering [278] (GFCF') questions the role
of graph convolutional network into recommendation by leveraging graph signal
processing theory. By showing that several existing approaches in CF may fall
into one unified framework based upon graph convolution, the authors eventually
propose a closed-form algorithm that proves to be a strong baseline against other
trainable and computationally-expensive (graph-based) approaches in CF. Thus,

the method represents the only exception to the message-passing models presented.

Analysis on reported baselines

Table 6.1 reports on the baselines each graph-based approach was tested against in
the original paper. By categorizing them into classic and graph CF we first observe
that, with the only exception of UltraGCN, all graph-based recommendation systems
are generally compared only against 1-2 classical CF solutions (MF [128, 258]- and/or
VAE [177, 200]-based approaches in most cases). However, the recent literature [14, 15,
79, 80, 409] has raised several concerns about usually-untested strong CF baselines,
such as nearest-neighborhood approaches (e.g., UserKNN [259] and ItemKNN [271}),
random-walk techniques (e.g., RP?3 [246]), and other autoencoder-based solutions (e.g.,
EASE" [289)). Differently from the classical CF baselines, we notice that most of the
works compare their proposed approaches against a wide (and shared) range of graph
CF solutions. This is easily explainable given the conceptual and logical similarities
among the graph CF baselines and the proposed approaches. Moreover, besides a
limited subset of graph CF baselines (i.e., HOP-Rec [355] and GRMF [253]), the vast
majority of tested graph algorithms [32, 61, 199, 291, 369] are based upon the graph

convolutional network architecture. Interestingly, we observe that only a subgroup of
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Table 6.1 Analysis of baselines used in each of the selected graph-based models, categorized
into classic and graph CF. A colored tick ‘v’ denotes when one of the baselines is also among
the selected set of graph-based approaches for our study.

Models
Families  Baselines NGCF [323) DGCF [325] LightGCN [126] SGL [343) UltraGON [217] GFCF [275]
Used as graph CF baseline in (2021 — present)
47, 56, 139, 290, 335, 355] [U(i. 179, 216, 329, 331, 1588] [182. 254, 343, 349, 370, 371] [llJK. 216, 335, 349, 363, 395] [92, 113, 190, 237, 408, 4(]9] [17. 18, 185, 247, 347, 400]

MF-BPR [258] v v v

NeuMF [128 v

CMN (93] v

Macrid VAE [200] v

Mult-VAE [177] v v v
Classic CF DNN+SSL [364] v
ENMF [52]
OML [134
DeepWalk [249]
LINE [301
Node2Vec [117]
NBPO [376]
HOP-Rec [355] v
GC-MC [32]
PinSage [369] v
NGCF [325]
DisenGCN [199) v
GRMF [253] v
GRMEF-Norm [126 v v
NIA-GCN [291] v
LightGCN [126]
DGCF
LR-GCCF [61
SCF [398]
BGCF [292
LCFN [375]

ANESNENENENEN

<
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N

Graph CF
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our selected six graph CF approaches (up to a maximum of three approaches if we
consider UltraGCN) is generally compared against the proposed approach. While we
could justify this point with chronological motivations (e.g., DGCF could have not
been tested on SGL, UltraGCN, and GFCF), we deem this to be an important lack in
the existing literature.

Under the above considerations, and differently from the previous works, we compare
the accuracy performance of the selected six graph CF approaches against strong CF
techniques (UserKNN, ItemKNN, RP?3 and EASE®R), while providing a complete
evaluation setting which involves all the selected graph methods, where they are put
against one another (refer to Section 6.2.3). To our knowledge, this work is one of the
first attempts [409] to fill this gap.

Analysis on reported datasets

Table 6.2 displays the datasets adopted to train and test the reviewed graph-based
recommender systems, as reported in the original papers. Notably, we recognize a total
of seven recommendation datasets spanning different domains such as social networks
(i.e., Gowalla), points-of-interest (i.e., Yelp 2018), e-commerce (i.e., the Amazon product

categories and Alibaba-iFashion), and movies (i.e., Movielens 1M). It is worth pointing
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Table 6.2 Analysis of the datasets adopted in each graph-based approach.

Models Gowalla Yelp 2018 Amazon Book Alibaba-iFashion Movielens 1M Amazon Electronics Amazon CDs

NGCF v v v
DGCF v v v

Light GCN v v v

SGL v v v

UltraGCN v v v v v v
GFCF v v v

out that when we set the ‘v’ for the same dataset on different models, we are stating
that the authors from the original works used the exact same dataset setting, that
is, the original user-item interaction data and splitting/filtering strategies. A deeper
analysis shows that there exists a subset of three datasets (i.e., Gowalla [176], Yelp
2018 [126], and Amazon Book [124]) which is utilized in the majority of graph CF works.
For the sake of reproducibility, we replicate the original results calculated on such
datasets for the six graph CF approaches (although the SGL paper does not provide
results on Gowalla). Given the limited set of shared datasets among all the approaches,
we include novel, never-investigated datasets to assess if their recommendation accuracy

remains consistent on other domains and/or topologies (refer to Section 6.2.4).

Analysis on experimental comparison

As a final analyzed dimension, we discuss the protocol for the experimental comparison
between the baselines and the proposed approach in each selected work. Being the
pioneer model in the domain, the authors from NGCF train all proposed baselines from
scratch. In the DGCF paper, the authors directly report the results of some baselines
which are shared with NGCF and train the other baselines from scratch. In a similar
manner, the authors by Light GCN, SGL, and UltraGCN copy the result values from
the original papers, while the remaining models are trained from scratch. Finally, the
authors in GFCF reproduce Light GCN as the baselines are exactly the same.

With reference to the copy-paste of the baseline results, authors often justify this
practice by claiming that the adopted experimental settings (in terms of dataset
splitting/filtering) are equal to the ones adopted by their (graph) CF baselines. Indeed,
it is also worth mentioning that authors are in some cases shared across the works
under investigation.

To remove all doubts, and differently from the mentioned works, we re-implement
all algorithms by carefully following their original codes, and train/evaluate them
through Elliot [11, 210]. Our goal is to provide a fair and repeatable experimental

environment for the selected graph CF approaches, by using the hyper-parameter
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settings as indicated in each paper and/or shared online code to assess to what extent
we can reproduce the original results. The reader may refer to Section 6.2.2 for a whole

description of our settings.

6.2.2 Replication of prior results

This section focuses on how the replication of the experiments from the six state-of-
the-art papers on graph CF stated before has been set up. It starts by defining the
evaluation protocol applied to compare these methods in their respective works. After

that, we present our replication results.

Settings

The experimental setup adopted in the first part of this study is designed primarily
to replicate the results of the models included in this analysis [126, 138, 199, 217,
278, 325]. As mentioned earlier, we use the three most common datasets in this
scenario to show the results of our replicability study. Specifically, we use Gowalla,
Yelp 2018, and Amazon Book as provided in the public repositories of NGCF!3 and
Light GCN'™. All the proposed models (except SGL) use the same datasets with the
same filtering/splitting. The authors state that they adopt a random split based on
the 80/20 hold-out (i.e., for each user, 80% of the interactions is used to create the
training set, while the remaining 20% constitutes the test set). Thus, each user-item
interaction is treated as positive; all others are considered unfavorable. In addition, the
authors leave 10% of the training as a validation set for tuning the hyper-parameters.
However, this portion of the dataset is not indicated in the papers’ extra material.

The adopted evaluation protocol is shared across all the analyzed papers. The
approach is known as all-unrated-item [288]; for each user, we retain all candidate
items with whom she does not interact with in the training set. To measure the quality
of recommendations, we use the Recall and the nDCG on the top-20 recommendation
lists for each user.

Each work performs its own tuning of the hyper-parameters (the Recall@20 is used
as validation metric), by reporting on the search hyper-parameter spaces. Moreover,
the best configurations on each dataset are usually provided in the respective papers

and/or repositories.

Bhttps://github.com/xiangwang1223 /neural _graph_ collaborative_ filtering.
Yhttps://github.com/kuandeng/Light GCN.


https://github.com/xiangwang1223/neural_graph_collaborative_filtering
https://github.com/kuandeng/LightGCN
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Thus, we set the hyper-parameters on each model-dataset as the best ones declared
by the authors. The configuration files to run such experiments is fully available at our
GitHub repository: https://split.to/Graph-Reproducibility. The careful reader would
notice that the results reported in Table 6.3 for NGCF (see the ‘Original’ column)
differ from those shown in the in-proceedings version [325]. The reason is that the
authors modified and recalculated the results obtained for the model and baselines due
to errors in the pre-processing of the Yelp 2018 dataset and in the calculation of the
nDCG. Thus, for the sake of fair reproducibility, and only in this case, we consider the

results reported in the arXiv (most updated) version of the paper [326].

Results

Table 6.3 compares the results reported by the six papers focused on our study with
those obtained in our implementation (using the tuned parameters specified in each
work, as explained before). The new experiments closely approximate the original
ones, with the most significant performance shift being in the 1073 order. There are
no noticeable distinctions in metrics, dataset, or algorithm used.

More specifically, in an algorithm basis, we observe the performance of GFCF is
the best replicated one. This might be due to form algorithm, hence, no perturbations
from random initializations are expected. The rest of the approaches evidence a similar
(high) level of replication, although the shift for NGCF and DGCF rarely achieves
the 10~4 order for the two metrics in all the datasets. In any case, considering the
random initializations and stochastic learning processes [148], our replication of these
approaches could be considered a success. No significant differences were found among
the three datasets. SGL was not originally reported for Gowalla, so it was omitted
from the table as we compared reported results with our implementations using the
same hyper-parameters. In summary, these results confirm that, as discussed before,
even though authors of these papers re-used the performance values from other papers
just by copy-pasting them, this did not hurt the reproducibility of these approaches.
As previously stated, our assumption for this behavior (which is not a safe practice in
general [31]) is that the experiments of the original papers were all comparable because
some authors are shared across contributions, which should guarantee that the settings

and implementations of the algorithms are the same.
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Table 6.3 Results of our replicability study on Gowalla, Yelp 2018, and Amazon Book for the
selected state-of-the-art graph-based recommender systems. We calculate the performance
shift between our conducted experiments and the original ones (as reported in their papers).
Note that models have been sorted out according to the chronological order.

Datasets Models Ours Original Performance Shift
Recall nDCG Recall nDCG Recall nDCG

NGCF 0.1556  0.1320 0.1569 0.1327 —1.3-1079  —7.10"%
DGCF 0.1736  0.1477 0.1794 0.1521 —5.8-107%% —4.4.107%

LightGCN  0.1826 0.1545 0.1830 0.1554  —4-107%  —9.10~%
Gowalla SGL* o o o o o o
UltraGCN  0.1863 0.1580 0.1862 0.1580  +1-10~% 0
GFCF 0.1849 0.1518 0.1849 0.1518 0 0
NGCF 0.0556  0.0452 0.0579 0.0477 —2.3-107% —25.10793
DGCF 0.0621 0.0505 0.0640 0.0522 —1.9-107% —1.7.10793
Yelp 2018 LightGCN  0.0629 0.0516 0.0649 0.0530 72-10-03 —1.4-10793
SGL 0.0669 0.0552 0.0675 0.0555 —6-107%%  —3.10"%
UltraGCN ~ 0.0672  0.0553 0.0683 0.0561 —1.1-1079%  —8.10=%
GFCF 0.0697 0.0571 0.0697 0.0571 0 0

NGCF 0.0319 0.0246 0.0337 0.0261 —1.8-1079 —1.5.10793
DGCF 0.0384 0.0295 0.0399 0.0308 —1.5-10"%% —1.3.10793

. . . 10-04 10-04
Amazon Book LightGCN  0.0419 0.0323 0.0411 0.0315 +8-10 +8-10

SGL 0.0474 0.0372 0.0478 0.0379  —4-107%  —7.107%
UltraGCN ~ 0.0688  0.0561 0.0681 0.0556  +7-107%  4+5.107%
GFCF 0.0710 0.0584 0.0710 0.0584 0 0

*Results are not provided since SGL was not originally trained and tested on Gowalla [343].

6.2.3 Benchmarking graph CF approaches using alternative

baselines

In line with recent reproducibility works (such as [79]) that evidenced certain problems
regarding the choice and optimization of the baselines used for comparison, in this
section we assess how graph CF approaches perform relatively to classical CF baselines.
As in the previous section, we specify first how the experiments are prepared, and the

corresponding results are shown and discussed later.

Settings

We expand our investigation by examining four classic CF models to enhance the
replicability analysis. Specifically, we select four models whose accuracy performance
has rarely been compared with the graph-based CF approaches replicated in this study.
The decision to include UserKNN, ItemKNN, RP33, and EASEZ is purposeful. We
refer to [80] and (more recently) [14], which demonstrated the competitiveness of
these baseline models compared to more recent approaches when a shared benchmark
for comparison is employed among all involved methodologies. Furthermore, we also
consider two unpersonalized approaches (i.e., MostPop and Random). The two models
act as benchmarks to assess the effectiveness of customized methods compared to a

user-agnostic solution.
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For a fair comparison, the configuration delineated herein elucidates how the four
classic CF models are tuned following the exact same training/test splitting reported
in Section 6.2.2 and the same experimental protocol. The only difference is that (for
obvious reasons) we need to explore the hyper-parameters of each classic CF model
introduced in the comparison. Similarly to what the authors do in the original graph
CF works, we retain the 10% of the training to generate a validation set, but decide
to explore 20 distinct configurations for each model through the state-of-the-art Tree-
structured Parzen Estimator (TPE) hyper-parameter search [33]. For every model,
the final results correspond to the accuracy measure on the test set by setting the
hyper-parameter configuration providing the best Recall@20 results on the validation
set. The complete configuration files to run the classic CF baselines are provided in

our repository: https://github.com/sisinflab/Graph-RSs-Reproducibility.

Results

Table 6.4 shows the results of the graph CF models (as previously replicated in Table 6.3)
with the additional baselines. First, it is worth noting that, even though none of these
baselines gets the best results in any of the three datasets considered, they achieve the
second-best performance in Yelp 2018 (refer to RP33 with nDCG).

Second, none of the models in the reference family achieve competitive performance.
While this is expected for the Random algorithm, it is an indication that either none
of these datasets evidence a strong popularity bias or (considering the way they were
processed) such bias was removed.

Third, some of the classic CF approaches (such as RP?3 and UserkNN in Gowalla,
and RP?3 and EASEZ in Yelp 2018) demonstrate better performance than some of
the state-of-the-art graph CF methods, in particular, they perform better than NGCF,
DGCF, and LightGCN. This result is in line with recent experimental comparisons [15,
19, 79] where these baselines outperform other methods based on matrix factorization
or neural networks. Moreover, to some extent, the fact that some graph CF methods
are outperformed should not be surprising, since, as shown in Table 6.1, none of these

baselines were included in the original papers.

6.2.4 Extending the experimental comparison to new datasets

This section aims to provide a full picture from an experimental point of view on two

new datasets: Allrecipes and BookCrossing. First, we introduce the experimental
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Table 6.4 Graph-based CF solutions tested against unpersonalized (i.e., reference) and
classical CF approaches on Gowalla, Yelp 2018, and Amazon Book. While results for the
graph-based approaches have been directly reported from our reproducibility study (see
above), classical CF recommender systems have been fine-tuned on the two datasets to find
their best configurations. Boldface and underline refer to best and second-to-best values,
respectively.

Families Models Gowalla Yelp 2018 Amazon Book
Recall nDCG  Recall nDCG  Recall nDCG
MostPop 0.0416  0.0316 0.0125 0.0101  0.0051  0.0044

Reference  pondom  0.0005  0.0003  0.0005 0.0004 0.0002  0.0002
UserKNN  0.1685  0.1370  0.0630  0.0528  0.0582  0.0477
Classic op MemKNN.0.1409 01165 00610 0.0507  0.0634 00524
RP33 01829 0.1520 0.0671 0.0559 0.0683  0.0565
EASER * 01661 0.1384 0.0655 0.0552 0.0710 0.0567
NGCF 01556  0.1320  0.0556 0.0452  0.0319  0.0246
DGCF 01736  0.1477 0.0621 0.0505 0.0384  0.0295
Graph o WEMGCN 01826 01545 0.0620  0.0516  0.0419  0.0323
SGL — 00669  0.0552  0.0474  0.0372
UltraGCN  0.1863 0.1580 0.0672  0.0553  0.0688  0.0561
GFCF 0.1849 0.1518 0.0697 0.0571 0.0710 0.0584

*Results for EASER on Amazon Book are taken from BARS Benchmark [409].

settings followed to obtain the results presented in the following section. Then, we

discuss these results in more detail, aiming to explain the insights derived from them.

Settings

Motivated by the previous results, we further enrich our analysis by investigating
the behavior of all tested models on two datasets that have never been considered in
any previous study involving graph-based approaches for recommendation, namely,
Allrecipes [102] and BookCrossing [412].

Table 6.5 shows some statistics of these datasets, where we purposely decide to
report both the benchmarking datasets for graph CF (i.e., Gowalla, Yelp 2018, and
Amazon Book) and the newly introduced ones. On the one hand, Allrecipes exhibits
quite discordant characteristics compared to the other datasets. Although it has a
comparable density, users are more numerous than items, with a much lower average
user and item node degrees compared to the other standard graph CF datasets. On
the other hand, BookCrossing displays the lowest ratio between the number of users to
items across all datasets, and a much higher density than all the others. In summary,
the newly introduced datasets serve as a foundation to assess the performance in
different (and never-explored) topological settings for graph CF baselines.

To adhere to the experimental setup presented so far, we adopt the all-unrated-

item evaluation protocol, and split the two datasets with a random hold-out solution,


https://openbenchmark.github.io/BarsMatch/leaderboard/amazonbooks_m1.html
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Table 6.5 Statistics calculated on the training sets of Gowalla, Yelp 2018, Amazon Book,
Allrecipes, and BookCrossing. We indicate the number of user-item interactions through’
Edges’ while ’Avg. Deg. (U)’ and 'Avg. Deg. (I)’ refer to users’ and items’ average node
degree (i.e., average interaction number).

Statistics Gowalla Yelp 2018 Amazon Book Allrecipes BookCrossing
Users 29,858 31,668 52,643 10,084 6,754
Items 40,981 38,048 91,599 8,407 13,670
Edges 810,128 1,237,259 2,380,730 80,540 234,762
Density 0.0007 0.0010 0.0005 0.0010 0.0025
Avg. Deg. (U)  27.1327 39.0697 45.2241 7.9869 34.7590
Avg. Deg. (1) 19.7684 32.5184 25.9908 9.5801 17.1735

ensuring an 80:20 proportion. Differently from the replicability study, we now perform
a TPE-based hyper-parameter tuning for al/l models, as the best hyper-parameters
for each graph-based approach is not known in advance; for this, we (again) use the
10% portion of the training set as validation set. We run 20 different settings within
the search space provided in the original papers. The models’ best configurations are
selected through the Recall@20 on the validation. As stated for previous settings, we
report all configuration files to run the experiments with the novel datasets in the
GitHub here: https://github.com/sisinflab/Graph-RSs-Reproducibility.

Results

Table 6.6 provides a full comparison between unpersonalized methods, classical CF
approaches, and the graph CF methods under analysis. In line with our previous
section experiments, classic CF methods (in particular, RP?3 and EASEFR) are very
competitive compared to graph CF approaches, even in novel datasets like the ones
included in this analysis. More specifically, the results in BookCrossing are dominated
by these baselines, whereas in Allrecipes, the MostPop technique is the one that stands
out, evidencing a strong popularity bias.

These results highlight that, among the graph CF techniques, those that maintain
their performance in novel domains are UltraGCN (best one in Allrecipes and third
among its type) and Light GCN (second best in both domains). While the nature of
these two datasets is clearly different (as shown in Table 7.10, Allrecipes is smaller and
it contains more users than items, instead of the other way around as in BookCrossing),
the relative performance of the best graph CF methods is competitive. However, for
some of them, the performance drop is significant, reaching an accuracy lower than

that of any other classic CF baseline.
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Table 6.6 Graph-based CF solutions tested against unpersonalized (i.e., reference) and classical
CF approaches on Allrecipes and BookCrossing. Boldface and underline refer to best and
second-to-best values, respectively.

Families Models Allrecipes BookCrossing
Recall nDCG Recall nDCG
MostPop  0.0472  0.0242 0.0352  0.0319

Reference  pondom 00024 0.0010  0.0013  0.0011
UserKNN 00339 0.0188  0.0871  0.0769

Classic cp FEmKNN 00826 0.0180  0.0779  0.0739
’ RP33 0.0170  0.0089 0.0941 0.0821
EASER 00351  0.0192 0.0925 0.0847

NGCF 0.0291  0.0144 0.0670  0.0546

DGCF 0.0448  0.0234 0.0643  0.0543

LightGCN  0.0459  0.0236  0.0803  0.0660

Graph CF g1, 0.0365  0.0192 0.0716  0.0600
UltraGCN ~ 0.0475  0.0248 0.0800  0.0651

GFCF 0.0101  0.0051 0.0819  0.0712

To bring light into some of these behaviors, the next section discusses in more
detail how the ranking of the graph CF methods changes depending on the dataset,

and hypothesize which dataset characteristics may be tied to these effects.

Discussion

To further validate and explain the reasons behind the results reported in Table 6.6, in
the following we perform a twofold analysis. First, we rank all the selected graph-based
recommendation models on all the tested datasets to assess their relative improvement
across all settings and provide another perspective on the results from Table 6.6.
Then, we propose a more nuanced study on the measured accuracy performance by
investigating its (possible) dependence on the specific dataset characteristics, namely,
the node degree as viewed at multiple hops.

Graph-based models’ ranking. In Table 6.7, we rank the six graph CF recommender
systems under analysis according to the calculated Recall@20 and nDCG@20, for both
the original datasets (i.e., Gowalla, Yelp 2018, and Amazon Book) and the novel
datasets we introduced (i.e., Allrecipes and BookCrossing). Moreover, we also indicate
the relative improvement of each model with respect to the worst-performing algorithm
on that dataset.

The trend on the three original datasets is quite steady, with UltraGCN and GFCF
being the two best-performing approaches in almost all cases, and the remaining graph
techniques ranked as in descending chronological order (confirming the findings from
the recent literature). In terms of relative improvements, we observe large performance

differences mainly on the Amazon Book setting.
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Table 6.7 Graph-based recommender systems, ranked according to their Recall@20 and
nDCG@20 on all the tested datasets. For each model, we also report its relative improvement
with respect to the worst-performing approach on the same dataset (in green).

Metric Gowalla Yelp 2018 Amazon Book Allrecipes BookCrossing

1. UltraGCN (+19.73%) GFCF (+25.36%) GFCF (+122.57%) UltraGCN (+570.30%) GFCF (+27.97%)

2. GFCF (+18.83%) UltraGCN (+20.86%) UltraGCN (+115.67%) LightGCN (+55/.46%) LightGCN (+24.88%)
Recall 3. LightGCN (+17.55%) SGL (+20.32%) SGL (+48.59%) DGCF (+3/53.56%) UltraGCN (+24./2%)

: 4. DGCF (+11.57%) LightGON (+15.13%) LightGON (+51.35%)  SGL (+261.59%) SGL (+11.95%)

5. NGCF ( ) DGCF (+11.69%) DGCF (+20.538%) NGCF (+188.12%) NGCF (+4.20%)

6. SGL* (—) NGCF (—) NGCF (—) GFCF (—) DGCF (—)

1. UltraGCN (+19.70%) GFCF (+26.33%) GFCF (+137.40%) UltraGCN (+386.27%) GFCF (+31.12%)

2. LightGCN (+17.05%) UltraGCN (+22.35%) UltraGCN (+128.05%) LightGON (+362.75%) LightGCN (+21.55%)

3. GFCF (+15.00%) SGL (+22.12%) SGL (+51.22%) DGCEF (+358.82%) UltraGCN (+19.89%)
"DCG 4 DGOF (411.89%)  LightGON (£14.16%) LightGON (+51.30%)  SGL (+276.47%) SGL (+10.50%)

5. NGCF (—) DGCF (+11.73%) DGCF (+19.92%) P (+182.35%) NGCF (+0.55%)

6. SGL* () NGCF () NGCF () GFCF () DGCF ()

*SGL is not classifiable on the Gowalla dataset as results were not calculated in the original paper [343].

By focusing on the two additional datasets (i.e., Allrecipes and BookCrossing),

the rankings corroborate some of the previous outcomes, but also introduce novel
and unexpected considerations. While UltraGCN seems to preserve its role of leading
approach in the two scenarios (in BookCrossing it is ranked as third but with minimum
margin to the second one), we notice how GFCF’s performance is very fluctuating, as
it even stands in the last position on Allrecipes with large performance difference to
the other models (the same goes for DGCF). Noticeably, Light GCN gets up to the top
of the ranking in both settings, indicating that a careful hyper-parameter tuning could
be beneficial to outperform most of the other approaches, even the ones that should
surpass it according to the literature (such as SGL). As final remarks, NGCF poor
performance is again confirmed in such different dataset settings.
Analysis on the node degree. As already observed in Table 6.5, the average node
degree of users and items represents one of the main aspects discerning each dataset
from the other ones. For this reason, we decide to reason about its possible influence
on the models’ performance. In this respect, instead of limiting our analysis to the sole
definition of node degree (i.e., number of recorded interactions for each user and item),
and given the ability of graph-based approaches to distill the collaborative signal by
stacking multiple layers [325], we propose a novel investigation which reinterprets the
node degree as information flow from neighbor nodes to the user nodes after multiple
hops. Note that we only consider users as the ending nodes of such a flow because
we are interested in assessing how the accuracy recommendation measures (which are
generally calculated user-wise) may be influenced by this aspect.

Before diving into the results and discussion, we provide some useful intuitions and
formulations which may help understand our analysis. With reference to Figure 6.3, we
introduce the definition of information flow at one, two, and three hops. We decide to

limit our focus on the first three explored hops because (i) graph-based recommender



114 Chapter 6 Evaluation of graph-based recommender systems

user item user item user user item ~user item

(a) 1-hop (b) 2-hop (¢) 3-hop
Fig. 6.3 A toy user-item graph where the ego user node (highlighted) receives the information
flow from the (a) 1-, (b) 2-, and (c¢) 3-hop neighbor nodes (highlighted). Arrows’ direction is
a visual representation of the information flow.

systems built upon the message-passing schema usually tend not to iterate over the
third aggregation layer, and (ii) the investigation of more than three hops would not
be meaningful from a recommendation perspective. As a matter of fact, we interpret

each of the three hops as follows:

« at one hop (Figure 6.3a), users receive the information coming from the items they
interacted with; in other words, this is an indication of the activeness of users on

the platform;

« at two hops (Figure 6.3b), users receive the information of the other users co-
interacting with the same items; in other words, this is an indication of the influence

of items’ popularity on users;

« at three hops (Figure 6.3c), users receive the information coming from the items
interacted by the other users involved in co-interactions; i.e., this is an indication of

the influence of co-interacting users’ activeness on users.

Let us formalize such definitions. The information received by users at one, two,

and three hops is calculated as:
Y, =Rl;, 7Y =Ro(LR)1l, Y =(RR ©RIl)ly (6.5)

where ng ) e RUIX1 ig the vector of the information that all users receive from the
nodes in their h-hop, 1y € R and 17 € REIX are row and column vectors with 1
repeated |U| and |Z| times, respectively, while ® is the Hadamard product performed
in broadcast.

In light of the above, the study assesses the accuracy performance of graph-based

recommender systems on user groups considering the information received from the one,
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two, and three hops neighborhood. Following other analyses in the literature, we decide
to split users into quartiles according to the information values (i.e., Tgl )). Thus, we
consider four groups: (i) users whose values are below the 25% of the distribution, (ii)
users whose values are above the 25% and below the 50% of the distribution, (iii) users
whose values are above the 50% and below the 75% of the distribution, and (iv) users
whose values are above the 75% of the distribution.

Figure 6.4 displays the percentage variation in accuracy performance (measured
by nDCG) across quartiles relative to the average value reported in Table 6.6. The
figure illustrates how the quality of recommendation performance fluctuates amongst
different clusters of users. For example, a method indicating a 50% improvement in the
fourth quartile would suggest that users in this cluster, typically more active (1-hop)
or also interested in popular items (2-hop), receive more accurate recommendations
with respect to the average user.

This observation implies that a non-discriminatory recommendation system should
produce no variation across quartiles, with values overlapping the 0% dashed line. The
second necessary preliminary to understand the outcome of the experiments is the
interpretation of the quartiles for the different hops. In the 1-hop, the fourth quartile
pertains to warm users interacting most with the platform, while the first quartile
represents cold users interacting less frequently. In the 2-hop, high values in the fourth
quartile indicate active users who enjoy popular items, resulting in dense subgraphs.
The first quartile, in contrast, consists of less active users interacting with niche items
in less dense subgraphs. The 3-hop, which includes user neighbors, generates the
highest values when active users interact with popular items enjoyed by warm users
(i.e., their neighbors). However, it is essential to note that the plots offer no insight
into overall accuracy (which is in Table 6.6).

When considering the recommendation performance according to the corresponding
cluster (depicted in Figure 6.4), it is crucial to note that none of them demonstrate
ideal recommendation behavior. Instead, these systems tend to favor warm users or
densely interconnected subgraphs located in the fourth quartile. Despite this trend,
the 1-hop plots for graph Collaborative Filtering (CF) and classic CF methods in
Allrecipes and BookCrossing graphs demonstrate minimal disparities between different
recommendation approaches. Even though they all favor the fourth quartile over the
first one, the coldness/warmness of a user marginally impacts how much the method is
biased toward these types of users. The lone exception to this trend is GFCF, which
exhibits even greater penalization towards the first three quartiles (varying on the

three hops from, approximately, -45% to +115%, and thus exceeding the plots’ upper
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(a) 1-hop

+50%
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0%

-25%

-50%

Allrecipes — Classic CF BookCrossing — Graph CF BookCrossing — Classic CF

(b) 2-hop

+50%

+25%

-50%

Allrecipes — Graph CF Allrecipes - Classic CF BookCrossing — Graph CF BookCrossing — Classic CF

(¢) 3-hop

—— NGCF —+— DGCF Light GCN SGL —+ UltraGCN —+ GFCF
—&— UserKNN < ItemKNN —&—- RP33 —4— EASE"R

Fig. 6.4 Percentage variation between the nDCG on user quartiles and the average nDCG
value across all users (indicated as the dashed line), for each model-dataset setting. Rows
refer to user quartiles when considering (a) 1-, (b) 2-, and (c) 3-hop.

bound). As such, this system only provides satisfactory recommendation performance
for users in the fourth quartile.

Regarding the 2-hop, there are several interesting insights to be gained. Firstly,
the recommendation methods exhibit a higher overall slope, favoring the users who
enjoyed popular items over the cold users who enjoyed niche items. While this may
seem like an obvious observation, the plot confirms that user coldness/warmness alone
is not a sufficient indicator of high-quality recommendations. Instead, the 2-hop reveals
that combining user coldness/warmness and item popularity is useful for identifying
such users. A second noteworthy aspect is that the Allrecipes dataset highlights three
distinct behaviors among the graph CF methods. UltraGCN, DGCF, and Light GCN

exhibit similar performance and display less discriminatory behavior across quartiles.
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It is interesting to note that these models also perform best overall (see Table 6.6). On
the other hand, SGL and NGCF show a higher slope that is comparable to classic CF.
Also, their corresponding performance is similar in Table 6.6. A third observation
concerns GFCF, which performs poorly across all quartiles except for the fourth. Its
behavior is even more accentuated than in the 1-hop analysis. Additionally, NGCF,
SGL, and GFCF are graph CF algorithms performing differently according to user
warmness and item popularity. Meanwhile, all algorithms in BookCrossing, and the
classic CF in Allrecipes, exhibit the distribution over the quartiles across methods.
Finally, in the 3-hop, for the BookCrossing dataset, the information pertaining to
neighbors does not contribute significantly to the results, as indicated by the similarity
between the 2- and 3-hop plots. Meanwhile, in Allrecipes, the best models (UltraGCN,
DGCF, and Light GCN) exhibit more consistency in performance across all quartiles,
as demonstrated by a more even distribution of results (less variations across the
quartiles). However, this pattern is not evident in NGCF, SGL, and GFCF, which

exhibit a more disparate range of results across the quartiles.

6.3 A topology-aware analysis of graph collabora-
tive filtering

From an algorithmic perspective, the technical contribution of graph-based recom-
mender systems has been theoretically [278] and empirically [331] investigated to justify
their high-quality recommendations. On the one hand, established approaches such
as Light GCN [126] and DGCF [328] re-adapt the GCN layer to suit the collaborative
filtering schema. Specifically, the former suggests that feature transformations and
non-linearities should be removed since they could negatively impact the recommen-
dation performance; the latter recognizes the importance of updating the user-item
graph structure according to the learned users’ intents towards items. On the other
hand, recent graph-based RSs including UltraGCN [217] and SVD-GCN [248] acknowl-
edge that existing graph-based models may still be affected by the over-smoothing
phenomenon and scalability issues. To overcome such problems, they propose to go
beyond the traditional concept of message aggregation at multiple layers by adopting
ad-hoc mathematical proxies of the message-passing. UltraGCN approximates infinite
propagation layers, while SVD-GCN explores the analogies between graph convolution
and SVD. Additionally, both approaches discuss the importance of learning from

user-user and item-item relationships.
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From another perspective, the machine learning literature acknowledges that graph
topology plays a crucial role in GNNs. The authors in [334] recognize how topology
may increase the model’s capacity by distinguishing between two approaches that
influence the (topological) shape of GNNs. The first approach involves stacking
aggregation operations, while the second one utilizes multiple aggregations of operations
to prevent over-smoothing and enhance model capacity. Indeed, the learning ability
of GNNs is a delicate balance between topology and node attributes. While the
graph convolutional layer is gaining momentum due to Laplacian smoothing or low-
pass filtering [342], stacking too many such layers can lead to a loss of expressive
power, causing node representations to become dependent solely on node degree and
connectivity. Two strategies are under debate to alleviate this issue [356]: modifying
the learned representations [159, 394] (e.g., APPNP, GCNII, PairNorm) and modifying
network topology [6, 159, 197, 262, 353] (e.g., DropEdge, GRAND, PPNP, MixHop,
GDN, JKNet). In summary, the inconsistency between network topology and node
content exists at the individual node and network levels. A recent study [280] suggests
revisiting network topology to enhance GCN learning, but this involves revisiting the
network topology thus modifying the underlying method.

In recommendation, some works have demonstrated how classical dataset statistics
may impact the performance of recommendation models [8, 85, 266], for example, data
sparsity within the user-item interaction matrix, the concentration of interactions from
both user and item viewpoints or the ratio of users to items comprising the catalog.
However, we believe that the topological nature of the user-item data (which allows us
to interpret users/items and their interactions as a bipartite and undirected graph)
along with the novel graph CF wave, could require a more careful analysis of additional
(and less shallow) topological measures. By describing the topology of the user-item
graph under the lens of its (multi)-hop connections, we regard it as imperative to
unravel the interdependencies between topology-aware attributes and recommendation
performance to better understand graph CF.

Motivated by the reasons above, we propose a topology-aware analysis of graph
collaborative filtering to find the (possible) dependencies among (topological) data
characteristics and recommendation performance of graph-based recommender systems.
To this end, we first consider three popular datasets (i.e., Yelp2018, Gowalla, and
Amazon-Book) and generate 1,800 synthetic sub-datasets with two common graph
sampling strategies (i.e., node- and edge-dropout). Second, we select eleven classical and

topological characteristics which are loosely correlated with one another and measure
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them for each of the sampled sub-datasets'®. Then, we choose four graph-based RSs,
namely, Light GCN [126], DGCF [328], UltraGCN [217], and SVD-GCN [248], since:
(i) they are recent approaches, (ii) they are used as baselines in several works from the
last years, (iii) they adopt different strategies that well depict most of the models from
the literature. Last, an explanatory framework is trained to identify linear relations

among characteristics and accuracy metrics. Our contributions are:

1. To the best of our knowledge, this is the first analysis of the influence of classical
and topological dataset characteristics on the performance of state-of-the-art
graph-based RSs, with a re-interpretation of the topology-aware characteristics

under the lens of recommender systems.

2. We carefully choose four graph-based RSs that are across-the-board and recently
proposed in the literature and also span an extensive selection of graph strategies.
In an attempt to make the information conveyed by node degree explicitly emerge
from their formulations, we aim to understand how each of them addresses such

a topological aspect in all its facets.

3. We build an explanatory framework to calculate the linear dependencies among
characteristics (the independent variables) and recommendation metrics (the

dependent variables).

4. We validate the proposed framework on its statistical significance and uncover
insights on graph CF under the novel perspective of graph topology. We further
test the efficacy of the approach with varying settings of graph samplings, shedding

light on the influence of node- and edge-dropout for our explanatory model.

Code and datasets to reproduce all results are available at: https://github.com/
sisinflab/Graph-Characteristics.

6.3.1 Topological characteristics in recommendation data

By viewing the recommendation data as a bipartite and undirected user-item graph,
we describe its topological characteristics [168, 226], which we re-interpret from the

viewpoint of RSs.

5We indicate with classical those recommendation-based measures exploited in other similar
works [8, 85], and with topological those properties of the user-item graph conceptually related to
node degree [168, 226].
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Preliminaries

In a recommendation system, we denote with & and Z the sets of users and items,
respectively, where [U| = U and |Z| = I. Then, we indicate with R € RV* the
interaction matrix collecting user-item interactions in the form of implicit feedback
(i.e., Ry; =1 if user u € U interacted with item i € Z, 0 otherwise). Moreover, let
N, ={i|Ry,; =1} and N; = {u|R,; = 1} be the sets of items and users having
an interaction with u and 7, respectively. We use R to define the adjacency matrix

A e RUADx(U+I) representing the bidirectional interactions between users and items:

A= {P?T E{] | (6.6)

On such basis, let G ={UUZ, A} be the user-item bipartite and undirected graph.
Moreover, we connote the user- and item-projected graphs as Gy = {U LAY } and
Gr = {Z,AT}. Thus, let RY and R? be the user-user and item-item interaction
matrices:

RY=R-R", RI=R"-R, (6.7)

which indicate the co-occurrences among users and items, respectively. Trivially, the
adjacency matrices AY and AT are:

AY=RY ~ AT=RT (6.8)

We use the introduced concepts and notations to describe three topological aspects of

the user-item graph and re-interpret them under the lens of recommender systems.

Node degree

By generalizing the definitions of N, and N, let N and /\fi(l) be the sets of neighbor-
hood nodes for user v and item ¢ at [ distance hops. Thus, the node degrees for v and ¢
(i.e., oy = ]./\/’151)| and o; = |M(1) |) represent the number of item and user nodes directly

connected with u and i, respectively. The average user and item node degrees are:
ou=7S WL o= MY (6.9)
uel 1€l

RecSys re-interpretation. The node degree in the user-item graph stands for the

number of items (users) interacted by a user (item). This is related to the cold-start
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issue in recommendation, where cold users denote low activity on the platform, while
cold items are niche products.

Node degree alone still fails to provide a deeper outlook on the user-item graph.
The following topology-aware characteristics, derived from node degree, expand its

formulation to other viewpoints.

Clustering

For each partition in a bipartite graph, it is interesting to recognize clusters of nodes
in terms of how their neighborhoods overlap, independently of the respective sizes.
Let v and w be two nodes from the same partition (e.g., user nodes). Their similarity
is the intersection over union of their neighborhoods [168]. By evaluating the metric

node-wise, we obtain:

Ew (2) Yo,w ngl) ﬂ./\/;g;l)
Tv = 6/\/1,(2) ) with To,w = | 1) (1)| ) (610)
|NU | |NU UNw ’

where J\/}@ is the second-order neighborhood set of v. In this case, we leverage the
second-order neighborhood because, in a bipartite graph, nodes from the same partition

are connected at (multiple of) 2 hops. The average clustering coefficient on ¢ and Z is:

w:(l]Z%, VZZ;Z%- (6.11)
ueld 1€l

RecSys re-interpretation. High values of the clustering coefficient indicate that there
exists a substantial number of co-occurrences among nodes from the same partition.
For instance, when considering the user-side formula, the average clustering coefficient
increases if several users share most of their interacted items. The intuition aligns
with the rationale behind collaborative filtering: two users are likely to show similar
preferences when they interact with the same items.

The clustering coefficient allows the description of broader portions of the user-item
graph compared to the semantics conveyed by node degree. Indeed, the measure takes
nodes at 2 hops (i.e., user-item-user and item-user-item connections). Nevertheless,
we may want to capture properties for even more extended regions of the graph. For
this reason, we introduce one last topology-aware characteristic that goes beyond the

2-hop distance among nodes.
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Degree assortativity

In real-world graphs, nodes tend to gather when they share similar characteristics.
Such a tendency is measured through the assortativity coefficient. Depending on the
semantics of “node similarity”, there exist different formulations for assortativity [226].
For the sake of this analysis, we consider the assortativity coefficient based on the
scalar properties of graph nodes, for instance, their degree. Let D = {d;,da,...} be
the set of unique node degrees in the graph, and let eg, 4, be the fraction of edges
connecting nodes with degrees dj, and dj. Then, let gq, be the probability distribution
to choose a node with degree d, after having selected a node with the same degree (i.e.,
the ezcess degree distribution). The degree assortativity coefficient is calculated as:

> dypdi(eq, a, — 9d,,9d,)
_dpydg

o d3 , (6.12)
where std, is the standard deviation of the distribution ¢g. Note that, for its formulation,
the degree assortativity is similar to a correlation measure (e.g., Pearson correlation).
Following the same rationale of the clustering coefficient, we are interested in finding
similarity patterns among nodes from the same partition. For this reason, we first
apply the projection of the user-item bipartite graph for both users and items to obtain
the user- (i.e., Gy) and item- (i.e., G7) projected graphs. Then, we calculate the degree
assortativity coefficients for Gy and Gz, namely, py; and pz.
RecSys re-interpretation. In the recommendation scenario, the degree assortativity
calculated user- and item-wise is a proxy to represent the tendency of users with the
same activity level on the platform and items with the same popularity to gather,
respectively. Since we calculate the degree assortativity on the complete user-user and
item-item co-occurrence graphs, we deem this characteristic to provide a broader view
of the dataset than the clustering coefficient. For this reason, to give an intuition of
degree assortativity, we borrow the concept of search space traversal depth in search
algorithms theory. That is, we re-interpret degree assortativity in recommendation as a
topology-aware characteristic showing a strong look-ahead nature.

To conclude, we also briefly recall the classical characteristics underlying the

user-item data as presented in [8, 85].

Space size

The space size estimates the number of all possible interactions that might exist among

users and items:
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¢=VUI (6.13)

Shape

The shape of a recommendation dataset is defined as the ratio between the number of

users and items:

(6.14)

U
T=—.
I

Density

The density of a recommendation dataset measures the ratio of actual user-item
interactions with respect to all possible interactions that might connect all users and

items:

5= (6.15)
where E = |{(u,) | Ry, = 1}| is the number of interactions existing among users and
items in the recommendation data.

Gini coefficient

The Gini coefficient is an estimation of the interactions’ concentration for both users

and items. When calculated on & and Z, we have:

uv-1 U -1 1
> > abs(oy—oy) ;1 ._Z 1abs(a¢ —0j)
iy = == . kp=—T , (6.16)

U I
U o, I3 o;
u=1 i=1

where abs() is the function returning the absolute value.

6.3.2 Topological characteristics in graph collaborative filter-
ing

Since graph-based recommender systems are specifically designed to view the user-

item interaction data as a bipartite and undirected graph, in this section, we seek to

understand how and to what extent such models (explicitly) integrate topological data

characteristics into their formulations. To this aim, we select four popular and recent
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approaches in graph collaborative filtering, namely: Light GCN [126], DGCF [32§],
UltraGCN [217], and SVD-GCN [248].

As additional background with respect to Section 6.3.1, we introduce the notations
e, € R and e; € R? as the initial embeddings of the nodes for user v and item ¢,
respectively, where b << U,I. Then, in the case of message-propagation at different

(@) (@

layers, we also introduce the notations e’ and e;’ to indicate the updated node

embeddings for user u and item i after [ propagation layers, with 0 <[ < L (note that
(0) (0)

ey’ =e, and e; ' =e;).

Light GCN

He et al. [126] propose to lighten the graph convolutional layer presented in Kipf
et al. [158] for the recommendation task. Specifically, their layer removes feature

transformation and non-linearities:

e(l) . Aui/el(',l_l) 1) . Aiu/eg,_l)

i N O
U_Z € Z \/m’

e (6.17)

ieNSH weN

where each neighbor contribution is weighted through the corresponding entry in the
normalized Laplacian adjacency matrix to flatten the differences among nodes with high
and low degrees. Since A,y =1, Vi’ € NV (the dual holds for A;,/), the contribution

weighting comes only from the denominator.

DGCF

Wang et al. [328] assume that user-item interactions are decomposed into a set of
independent intents, representing the specific aspects users may be interested in when
interacting with items. In this respect, the authors propose to iteratively learn a set of
weighted adjacency matrices {Al,AQ, ...}, where each of them records the user-item
importance weights based on the specific intent it represents. Then, they introduce a

graph disentangling layer for each weighted adjacency matrix:

A 2/ *e(,lil) A /*e(lfl)
e

(6.18)
'leMsl) Vo-uv*o-i/,* UIGN.(I) Vo-iv*o-u/,* ’

(1

i

1

where flui/’* and e are the learned importance weight of user u on item i’ and
the embedding of item ¢’ for any intent, while oy, is the corresponding node degree

calculated on A, (the same applies for the item side).
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UltraGCN

Mao et al. [217] recognize three major limitations in GCN-based message-passing for
collaborative filtering, namely, (i) the asymmetric weight assignment to connected
nodes when considering user-user and item-item relationships; (ii) the impossibility to
diversify the importance of each type of relation (i.e., user-item, user-user, item-item)
during the message-passing; (iii) the over-smoothing effect when stacking more than 3
layers. To tackle such issues, the authors propose to go beyond the traditional concept
of explicit message-passing, and approximate the infinite-layer message-passing through
the following;:

o _ Z Ay ou+ ley o — Z Ao+ ley
b ouy/ oy +1 ’ ' Oi o +1 '

(6.19)

e weNt

Note that the procedure is not repeated for layers [ > 1, as the method surpasses
the concept of iterative message-passing. During the optimization, the model first

minimizes a constraint loss that adopts negative sampling to limit the over-smoothing

effect:
. 1 V Oyt
qu}alir,lej — Z oy o 1 509(529( ei)) +

(u,i)ERT
(6.20)
i Tut g(sig(— T -€j)),
u,5) ER ou VUJ

where R and R are pairs of positive and negative interactions sampled from the
user-item matrix R, while log() and sig() are the logarithm and sigmoid function.
Then, they also take into account the item-projected graph G7 and minimize the

following:

Rf, | oZ
min - > ﬁz (log(szg( ej)), (6.21)

(ui)eRS jetopk(R], )7

where topk() retrieves the top-k values of a matrix row-wise, and oZ is the node degree

calculated on G7.

SVD-GCN

Peng et al. [248] propose a reformulation of the GCN-based message-passing which

leverages the similarities between graph convolutional layers and singular value de-
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composition (i.e., SVD). Specifically, they rewrite the message-passing introduced
in Light GCN by making two aspects explicitly emerge, namely: (i) even- and odd-
connection message aggregations, and (ii) singular values and vectors obtained by
decomposing the user-item interaction matrix R through SVD. On such basis, the
authors’ assumption is that the traditional graph convolutional layer intrinsically
learns a low-rank representation of the user-item interaction matrix where components
corresponding to larger singular values tend to be enhanced. They reinterpret the
over-smoothing effect as an increasing gap between singular values when stacking more

and more layers. The embeddings for users and items are obtained as follows:
e, = puezp(aiA) - W, e; = qiexp(aiA) - W, (6.22)

where: (i) p,, and q; are the left and right singular vectors of the normalized user-item
interaction matrix for user u and item i; (ii) exp() is the exponential function; (iii) a;
is a tunable hyper-parameter of the model; (iv) A is the vector of the largest singular
values of the normalized user-item matrix; (v) W is a trainable matrix to perform
feature transformation. Note that the highest singular value \;,q, and the maximum
node degree max (D) in the user-item interaction matrix are associated by the following

inequality:
max(D)

max(D) +as’

)‘maa: —

(6.23)

where as is another tunable hyper-parameter of the model to control the gap among
singular values. Similarly to UltraGCN, the authors recognize the importance of
different types of relationships during the message-passing (i.e., user-item, user-user,
item-item). For this reason, they decide to augment the loss function with other
components addressing also the similarities among node embeddings from the same
partition:

o, _(Ung(:mwlog(sig(el ew)) +

— > log(sig(—e, -e))),
(v.g)e(R3)~

where v, w, and j are nodes from the same partition, and R* is the interaction matrix

(6.24)

of that partition.
To sum up, Table 6.8 shows how such techniques are widely used as baselines in the
recent literature and indicates which topological characteristics are explicitly involved

in their formulations. We observe that:
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Table 6.8 Selected models for our study. For each of them, we report year, works using them
as baselines, and which topological characteristics are integrated in the models’ formulations.

Model Year Baseline in (2021-) Topological characteristics

Light GCN [126] 2020 e.g., [182, 254, 343, 349, 371] Node degree used to nor-
malize the adjacency matrix
in the message passing.

DGCEF [328] 2020 e.g., [96, 179, 329, 331, 388] Node degree used to nor-
malize the adjacency matrix
in the message passing.

UltraGCN [217] 2021  e.g., [92, 113, 190, 408, 409] Node degree used for nor-
malization in the infinite
layer message passing. The
model also learns from the
item-projected graph.

SVD-GCN [248] 2022 e.g., [145, 392] The formulation for the
node embeddings involves
the largest singular values
of the normalized user-item
interaction matrix, whose
maximum value is related to
the maximum node degree
of the user-item graph. The
model also learns from the
user- and item-projected
graphs.

Observation. The analyzed graph-based recommender systems explicitly utilize the
node degree information during the representation learning phase, each of them in a
different way. However, clustering coefficient and degree assortativity, which share
similarities with node degree’s semantics, do not seem to have an evident representation
within the models’ formulations. Under this perspective, this analysis will also test what
topological aspects graph-based RSs can (un)intentionally capture during their training.

Indeed, these observations pave the way to a further question: are (topological)
dataset characteristics influencing the recommendation performance of

graph-based recommender systems?

6.3.3 Proposed analysis

To answer such a question, in the following, we present our proposed analysis to
evaluate the impact of classical and topological characteristics on the performance of
graph-based recommender systems. As already done in similar works [8, 85], we decide

to design an explanatory statistical model which finds dependencies between dataset
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characteristics and recommendation performance. In this respect, it becomes imperative
to collect a set of samples (with dataset characteristics and the corresponding models’
recommendation performance) that is large enough to ensure the statistical significance
of the conducted analysis under a certain confidence threshold. Thus, in the following,
we first present the approach to generate an extensive set of sub-datasets from three
popular recommendation datasets, which represent our set of samples. Then, we
specify and justify the design choices for the explanatory model which we adopt in our
analysis to fit the dataset characteristics of the sub-datasets to the recommendation

performance of graph-based recommender systems measured on the same sub-datasets.

Dataset generation

The literature has recently demonstrated that dataset sampling in collaborative
filtering can robustify the training of recommendation models [343], sometimes with
ad-hoc solutions performed end-to-end in the downstream task [64, 266]. In this part
of the chapter, we propose to adopt such strategies for another purpose, namely,
the random generation of synthetic (but meaningful) data to conduct our study. We
adopt a similar approach to other studies that examine how classical characteristics
affect the performance of recommendation models [8, 85]. However, we take it a step
further by analyzing these aspects from a topological perspective. For this reason, we
use node- and edge-dropout strategies to generate the sub-datasets, which have gained
recent attention in graph learning literature [281, 343]. Since the goal is to generate
sub-datasets exhibiting maximum topological diversity, we depart from the conventional
method of utilizing a Bernoulli distribution to randomly perturb the adjacency matrix.
Instead, we vary the level of aggressiveness (i.e., dropout rate) that involves sampling
with node- or edge-dropout. Further details about the two distinct graph sampling
strategies and sub-dataset generation are presented in the following paragraphs.
Graph sampling. Given the bipartite user-item graph G, a dropout rate u, and a
sampling strategy, the algorithm returns the sampled graph G,,. When the sampling
strategy is nodeDropout, the procedure initially calculates the number of nodes to
sample from the graph and uniformly extracts the new set of nodes (i.e., V). Then,
the adjacency matrix is masked to obtain a new one with the retained nodes only (i.e.,
A,,). Conversely, when the sampling strategy is edgeDropout, the procedure initially
calculates the number of edges to sample from the graph and uniformly extracts the
new set of edges (i.e., &y). Then, the adjacency matrix is masked to obtain a new one
with the retained edges only (i.e., A,,) and the corresponding set of nodes (i.e., Vp,).
Finally, in both cases, the graph G,, is induced through V,,, and A,,.
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Sub-dataset generation. The procedure takes the bipartite user-item graph G and
the number of samples M as inputs. Iterating for M times, each sampled graph G,,
is generated (through the previous algorithm) and added to the set of sub-datasets
(i.e., M). Specifically, during each iteration, a dropout rate p is uniformly sampled
from the range [0.7,0.9] to ensure the generation of small sub-samples of the original
dataset. Then, either nodeDropout or edgeDropout is chosen at random, thus the
overall procedure is not biased towards one of the sampling strategies (see also Section
6.3.4). Finally, the graph G,, is obtained by performing the selected sampling strategy.

In Algorithm 2 and Algorithm 3 we report the pseudocode to perform graph
sampling and the sub-dataset generation, respectively. Note that uniformy/() is the
function that uniformly samples N elements from a set, while uniform() samples only

one element from a set.

Explanatory model

Statistical models can be utilized to elucidate the relationship between a hypothesized
cause of a phenomenon (i.e., independent variables) and its effect (measured through
dependent variables). While various potential functions can be used to fit the indepen-
dent variables to the dependent ones, we opt to utilize a linear regression model for two
reasons: (i) to adhere to the same methodology employed in recent studies such as |8,
85], and (ii) to derive explanations on the performance impact of data characteristics
through linear dependencies, which represents the most straightforward and intuitive

strategy. Following this intuition, we formalize a regression model:
y= €+60+00XC' (625)

We recall that our goal is to test if the factors related to the data characteristics (i.e., X.)
can explain the effect on the recommendation system’s performance (i.e., y). Therefore,
in Equation 6.25, we denote by 0, = [01,...,0¢c] the vector of regression coefficients
each of whom is associated with the c-th feature (data characteristic considered here),
X, € RM*C the matrix containing the data characteristic values for each sample in
the training set, and y the vector containing the values of the performance measure
associated with all samples in the training set. Moreover, under the assumption of
mean-centered data, 6y expresses the expected value of y (i.e., in this case, the expected

recommendation performance). The regression model is trained through Ordinary
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Algorithm 2: Graph sampling
Input: Bipartite user-item graph G, dropout rate u, graph sampling strategy

sampling.
Output: Sampled graph G,,.
if sampling == nodeDropout then

N=(U+1)«(1—p)
Vi uniformy(UUT)
A, maskpoge(A, Vi)
Ise if sampling == edgeDropout then
N=Ex(1—p)
Em < uniformpy(Ey—i)
Ay, maskeqge(A, En)
Vi < induce(Ay,)

Return G,,.

@

Algorithm 3: Sub-dataset generation.

Input: Bipartite user-item graph G, number of samples M.

Output: M sampled graphs.

m<—1

M={}

while m < M do
p <— uni form([0.7,0.9])
sampling < uniform({nodeDropout,edgeDropout })
M — MUsample(G,u, sampling)

m<+<m-+1
end

Return M.

Least Squares (OLS):
(05,0%) = min = ||y — 6 — 0.X.||3. (6.26)
00,6c 2

In order to show how the performance of RSs are related to dataset characteristics,
we utilize the basic regression model presented in Equation 6.26 with the aim of
maximizing the R? coefficient. This approach allows us to effectively motivate the
impact of the 6. coefficients on the recommendation system’s effectiveness, as outlined

in [104] for any regression model.
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6.3.4 Results and discussion

This section aims to test the effectiveness of our proposed explanatory model. Specif-
ically, we seek to answer the following two research questions: RQ1) What is the
impact of classical and topological characteristics on the performance of graph-based
recommender systems?; RQ2) Is the generation of sub-datasets through node- and

edge-dropout differently influencing the explanations of our model?

Experimental setting

We provide here a detailed description of the experimental settings for our proposed
explanatory framework. First, we present the recommendation datasets for this study.
Then, we report on the adopted characteristics, along with details about their (optional)
value rescaling and denomination. Finally, we describe the methodology we follow to
train and evaluate the graph-based recommendation models to foster reproducibility.
Datasets. We use specific versions of Yelp2018 [248], Gowalla [126], and Amazon-
Book [327]. The usage of such datasets is motivated by their popularity in graph
collaborative filtering [113, 126, 179, 217]. Yelp2018 [25] collects data about users and
businesses interactions, Amazon-Book is a sub-category of the Amazon dataset [124],
and Gowalla [72] is a social-based dataset where users share their locations. Note that,
to provide a coherent calculation of the characteristics, we retained only the subset of
nodes and edges for each dataset which induces the widest connected graph. In the
following, we present the calculation of characteristics, to experimentally justify them.
Characteristics calculation. Following the same setting as in [85], we generate
M = 600 sub-datasets from the original ones through the techniques described in
Algorithm 2 and Algorithm 3, resulting in a total of 1,800 synthetic samples. Second,
inspired by similar works [8, 85], we decide to apply the logl0-scale to the formulation
of some characteristics to obtain values within comparable order of magnitude, thus
making the training of the explanatory model more stable. In Table 6.9 we provide
a comprehensive outlook on the set of characteristics, where we apply a renaming
scheme for the sake of simple understanding and reference. Furthermore, Table 6.10
displays the statistics of the overall datasets and the aggregated characteristics for the
generated samples. Finally, Figure 6.5 empirically supports the usage of the selected
characteristics, as they appear loosely correlated.

Reproducibility. We perform the random subsampling strategy to split each sub-
dataset into train and test (80% and 20%, respectively). Then, we retain the 10% of
the train as validation for the early stopping to avoid overfitting. To train Light GCN,
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Table 6.9 Selected classical and topological characteristics. We report the full name, the
symbol, whether it is rescaled via logl0, and the shorthand adopted.

Type Characteristics Symbol Logl0 Shorthand
Space size ¢ v SpaceSizejq
Shape T v Shapejog
Classical Density 1) v Densityjog
Gini user Ky Gini-U
Gini item KT Gini-1
Average degree user oy v AvgDegree-U,g
Average degree item o1 v AvgDegree-Ijo,
Topological Average cluster%ng cocﬁiqont user u v AvgClustC-Upyg
Average clustering coefficient item YT v AvgClustC-I1,g
Degree assortativity user ou Assort-U
Degree assortativity item T Assort-1

Table 6.10 Dataset overall statistics and characteristic aggregated statistics (minimum and
maximum values, mean, and standard deviation) on the sampled sub-datasets.

Yelp2018 Amazon-Book Gowalla
Owverall Statistics Owverall Statistics QOwverall Statistics
Users: 25,677 Items: 25,815 Users: 70,679 Items: 24,915 Users: 29,858 Items: 40,981
Interactions: 696,865 Interactions: 846,434 Interactions: 1,027,370
Characteristics Min Max Mean Std Min Max Mean Std Min Max Mean Std
SpaceSizeyog 0.256  1.393 1.000 0.379 | 0.405 1.593 1.176 0.384 | 0.430 1.541 1.161 0.375
Shapeiog 0.019 0.105 0.045 0.014 | 0.325 0.443 0.407 0.021 |-0.149 -0.097 -0.129 0.008
Densityiog -3.699 -2.693 -3.219 0.358 | -3.902 -2.896 -3.497 0.365 |-3.889 -2.876 -3.380 0.363
Gini-U 0.443 0.508 0.486 0.008 | 0.384 0.499 0.459 0.023 | 0.462 0.512 0.491 0.007
Gini-1 0.500 0.609 0.575 0.019 | 0.518 0.618 0.586 0.018 | 0.437 0.502 0.478 0.008

AvgDegree-Up,g | 0.523 0926 0.758  0.110 | 0.318 0.609 0.476 0.077 | 0.603 1.017 0.846 0.115
AvgDegree-Ijoq 0.565 0.955 0.804 0.098 | 0.682 1.043 0.883 0.096 | 0.487 0.888 0.717  0.109
AvgClustC-Up,g | -1.144 -0.662 -0.947 0.126 |-0.757 -0.407 -0.602 0.095 |-1.211 -0.741 -1.013  0.122
AvgClustC-Ij,y | -1.092 -0.652 -0.922 0.105 |-1.124 -0.751 -0.967 0.099 |-1.080 -0.614 -0.881 0.124
Assort-U -0.061 0.235 0.021  0.035 |-0.041 0.533 0.052 0.074 | 0.042 0.544 0.188 0.071
Assort-1 -0.002 0.237  0.067  0.037 | 0.000 0.842 0443 0.264 |-0.037 0.161 0.021  0.028

DGCEF, UltraGCN, and SVD-GCN, we fix their configurations (i.e., hyper-parameters
and patience for the early stopping) to the best values according to the original
papers, since our scope is not to fine-tune them. Finally, following the literature, we
use the Recall@20 calculated on the validation for the early stopping, and evaluate
the models by assessing the same metric on the test set. Codes, datasets, and
configuration files to reproduce all the experiments are available at this link: https:
//github.com/sisinflab /Graph-Characteristics.

Impact of characteristics

We assess the impact of classical and topological characteristics on the accuracy
performance (i.e., Recall@20) of graph-based RSs. Table 6.11 displays the results

for our proposed explanatory model. In the first row (in light gray) we evaluate the
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Fig. 6.5 Pearson correlation of the selected characteristics. Many values in [—0.5,0.5] indicate
loosely correlated pairs.

goodness of the explanatory model through the R? and its adjusted version denoted
as adj. R? [8, 85]. Conversely, the remaining rows show the learned characteristics’
coefficients (i.e., [01,...,0¢] as described in Section 6.3.3, and renamed through a more
human-readable convention). Trivially, coefficients’ signs and values indicate whether
there exists a (strong) direct/inverse relation between the recommendation metric and
the dataset characteristic. Finally, we assess the statistical significance of the results
(the asterisks alongside each characteristic’s coefficient, refer to the legend below the
table).

Overall, the adj. R? is, for the vast majority of settings, above 95%, proving the

ability of the regression model to explain the accuracy recommendation performance
through the measured characteristics. Hereinafter, we further decompose the regression
results by categorizing the characteristics as classical and topological.
Classical dataset characteristics. Previous works [8] have assessed the impact of
classical characteristics on neighbor- and factorization-based recommendation models.
However, a careful search of the relevant literature yields that no study has investigated
whether such characteristics influence graph-based recommender systems likewise. From
a theoretical standpoint, it could be noticed that neighbor- and factorization-based
models have some similarities with graph-based ones, as the latter use a message-passing
schema that aggregates information from the neighborhood and also learn latent factor
representations of users and items.

Nevertheless, and interestingly, Table 6.11 suggests that the factorization component
might be predominant within graph-based recommender systems. If we refer to

the results from [8], we observe that factorization- and graph-based approaches are
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Table 6.11 Results of the explanatory model with the Recall@20 as recommendation metric.
Besides the row in light gray standing for the R?, the other rows refer to the learned
characteristics’ coefficients (with the statistical significance). Constant (i.e., 6y) is the
expected value of Recall@20.

_ Light GCN DGCF UltraGCN SVD-GCN

Characteristics

Yelp2018 Gowalla Yelp2018 Gowalla Yelp2018 Gowalla Yelp2018 Gowalla
R2%(adj. R?) 0.971(0.971) 0.979(0.978) | 0.973(0.973) 0.982(0.981) | 0.965(0.964) 0.860(0.858) 0.982(0.981) 0.981(0.981)
Constant 0.100*** 0.121%* 0.089*** 0.107* 0.061*** 0.062*** 0.116*** 0.135%**
SpaceSizejoq 0.070*** 0.192%** 0.133*** 0.237** —0.059*** 0.318*** 0.064*** 0.114***
Shapeiog —0.253* —0.231 —0.282** —0.220* 0.135 —0.003 —0.193 —0.232*
Densityjog 0.194** 0.298*** 0.243** 0.327* 0.026* 0.321%** 0.203*** 0.234***
Gini-U 0.296** 0.104 0.074 —0.071 —0.043 —0.931*** 0.136 0.143
Gini-1 1.362*** 0.681** 1.108*** 0.560*** 0.605*** —0.144 1.138*** 0.748**
AvgDegree-Uyg 0.390*** 0.605*** 0.518*** 0.673* —0.100* 0.640*** 0.364*** 0.464***
AvgDegree-I1o4 0.137* 0.374*** 0.235%** 0.453"** 0.034 0.637*** 0.171** 0.231**
AvgClustC-Uyyg 0.613"** 0.665** 0.726™** 0.783*** —0.077 0.706*** 0.613*** 0.496***
AvgClustC-1jo4 0.087 0.332* 0.168 0.373* 0.062 0.671** 0.057 0.215
Assort-U 0.094*** 0.024* 0.093*** 0.013 0.123*** —0.019 0.080*** 0.010
Assort-1 —0.051 —0.031 —0.056* —0.055 0.001 —0.174** —0.048* —0.088*

FFEpvalue < 0.001, **p-value < 0.01, *p-value < 0.05

particularly aligned, considering: (i) the inverse correspondence between the accuracy
performance metric and the Shape;,, in almost all settings, meaning that when the
number of users is higher than the number of items in the system, accuracy performance
may decrease; (ii) the direct correspondence between the accuracy performance metric
and Density;,y and Gini-I. As for (ii), the density is historically known as one of the
core problems in recommendation (i.e., data sparsity), so it becomes evident why also
graph-based recommender systems’ performance benefits from denser (i.e., less sparse)
datasets. The Gini index measures the dissimilar distribution of items’ interactions
in the system and could be related to the tendency of RSs to promote popular items
from the catalog. That is, when there exist items that have been experienced more
frequently than others, both graph- and factorization-based RSs may be biased to
popular items, and so their accuracy performance increases. Noteworthy, all such
observations are supported by the statistical significance of the results.

Topological dataset characteristics. Graph-based recommendation systems inter-
pret the user-item interaction data as a bipartite and undirected graph. Consequently,
this study assesses the influence of topological characteristics of the selected recommen-
dation datasets on the accuracy performance.

The most evident outcome is that AvgDegree-U),, and AvgDegree-1I;,, show a
direct correspondence with recommendation accuracy performance in almost all settings.
Indeed, this analytically confirms what we already observed in Section 6.3.2 regarding
the explicit presence of the node degree in the formulations of all the selected graph-
based approaches. In practical terms, when graph-based models are trained on datasets

with several interactions for users and items, they learn accurate users’ preferences since



6.3 A topology-aware analysis of graph collaborative filtering 135

each node receives the contribution of numerous neighbor nodes. It is worth noticing
that, in absolute values, AvgDegree-Uj,, is more influential than AvgDegree-I;,, on
the overall performance. Hence, under the same average degree gain, an improvement
in the user average degree is preferable since it would more significantly improve the
overall performance.

As far as clustering coefficient and degree assortativity are concerned, we assess
how similarities among nodes from the same partition in the graph may impact the
recommendation accuracy performance of models. In terms of AvgClustC-Up,, and
AvgClustC-1},4, the results prove again a strong direct correspondence in almost all
settings of graph-based models and datasets. Differently from the average degree
scenario, the relative importance of the user-side values is much higher than the one of
the item-side for Light GCN and DGCF, while the gap sometimes gets narrower in the
case of UltraGCN and SVD-GCN. This may be because while Light GCN and DGCF
only leverage user-item types of interactions, UltraGCN and (especially) SVD-GCN
also embed the information conveyed in the user- and item-projected graphs in their
formulations, thus flattening the different influence of the user-side characteristics over
the item-side counterpart.

Interestingly, the Assort-U and Assort-I characteristics exhibit a direct and inverse
correspondence to the accuracy metric, respectively. Furthermore, models such as
Light GCN and DGCF have slightly larger coefficients for both Assort-U and Assort-1
than SVD-GCN. Again, these results have a mathematical justification. Indeed, the
strong lookahead nature of the assortativity measures (refer again to Section 6.3.1)
seems to be captured by the multi-layer message-passing performed by Light GCN
and DGCEF. Conversely, in the case of SVD-GCN, they are less influential, probably
because the model acts on the singular values of the adjacency matrix with the effect
of limiting the graph convolutional layers’ depth to avoid over-smoothing. However, it
is important to observe that the assortativity results are less statistically-significant
than the others, so we plan to further investigate this aspect in future work. On the
contrary, a different trend can be observed for UltraGCN, where both Assort-U and
Assort-1 generally have bigger coefficients with much more statistically significant
values. Again, this behavior could have a theoretical foundation since the model adopts
the infinite-layer approximation, which (differently from SVD-GCN) may capture
long-distance relationships in the user-item graph.

Summary. The analytical and theoretical observations show that: (i) factorization-
based approaches could be the core component of graph-based recommender systems;

(ii) while confirming its influence on the recommendation performance, node degree
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seems not to be a key topological characteristic to distinguish among the different
graph-based models; indeed, the wider perspective provided by clustering coefficient and
(especially) degree assortativity may help to recognize how the different models address

the topological properties of the graph, even with unexpected outcomes.

Influence of node- and edge-dropout

The current section investigates the influence of the different sampling strategies,
namely, node- and edge-dropout, on the explanatory model. Given the lack of space,
we report an extensive analysis of the largest dataset, Gowalla, by considering the
performance of Light GCN and SVD-GCN.

As generally observed in real-world networks, user-item bipartite graphs follow the
typical trend of scale-free networks [255]. Thus, we introduce the following statement
on the possible influence of node- and edge-dropout on our linear explanatory model:
Statement. In general, the node-dropout strategy drops wider portions of the original
topology than the edge-dropout, so it may negatively impact the significance of the linear
model explanations.

Figure 6.6 displays the relation (i.e., the black points) between the probability
distribution of node degrees in the original graph and their degree values on the Gowalla
dataset. As evident, high-degree nodes are less popular than low-degree ones, and this
resembles the tendency of real-world networks to be scale-free [255]. To be more precise,
the actual degree probability distribution approximates neither the power-law (i.e.,
representing scale-free networks, in green), nor the exponential function (i.e., in red),
but it would be well-approximated by a function in-between. This suggests that the
high-degree nodes are even less frequent than they usually are in scale-free networks.

The figure helps to re-interpret the impact of node- and edge-dropout. While
node-dropout works by removing nodes (and all the edges connected to them), edge-
dropout eliminates edges and the consequently-disconnected nodes. Let us consider
their worst-case scenarios. For node-dropout, it would be to drop many high-degree
nodes from the graph. Whereas, when considering edge-dropout, it would be to drop
all the edges connected to several nodes and thus disconnect them from the graph.

This intuition drove us towards stating that, on averagely, node-dropout has the
potential to drop larger portions of the user-item graph than edge-dropout. Indeed,
this might undermine the goodness of the explanations produced by our explanatory
framework. The assumption further motivates the strategy we adopted to generate the

sub-datasets in RQ1, where we performed both node- and edge-dropout by uniformly
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Fig. 6.6 Node degree probability distribution on Gowalla. The black points (i.e., the real
data) would be approximated by a function in-between the power-law and the exponential.

selecting one of them for each sampled sub-dataset in order not to bias the procedure
towards either node- or edge-dropout (see again Section 6.3.3).

To analytically test the statement, we build four versions of the dataset X., each
with varying portions of sub-datasets generated through node and edge dropout,
respectively (refer to Equation 6.25). Specifically, the number of samples in X, changes

in accordance to:
[ Xe| = (1—a)|XE|+afXE], (6.27)

where X7 and X¢ indicate the portion of X, sampled through node- and edge-dropout,
while « is a parameter to control the number of samples from X7 and X¢ contributing
to the final dataset X.. We use |-| as a necessary notation abuse to refer to any dataset
size in a simple way. We let a range in {0.0,0.3,0.7,1.0}, where extreme values of «
are used to build the dataset through either node- or edge-dropout; the others combine
the two sampling strategies.

Table 6.12 reports the explanatory model results for the Recall@20 as accuracy
metric at varying a values, along with the average sampling statistics on each setting
of a. In alignment with the above statement, the average sampling statistics show that
node-dropout generally retains smaller portions of the graph than the edge-dropout.
Then, the regression results highlight that the optimal trade-off between high R? (adj.
R?) and statistical significance of the learned coefficients is reached when combining
samples generated through both node- and edge-dropout. On the contrary, the settings
with either node- or edge-dropout do not offer the conditions for the regression model
to learn meaningful dependencies, with respect to the R? (adj. R?) and/or statistical
significance. Indeed, in the extreme cases, the characteristic-performance dependencies
are not aligned with the ones observed in RQ1 either on the sign or on the absolute

value of the coefficients. This justifies the dataset sampling adopted to explore RQ1.
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Table 6.12 Results of the explanatory model on Gowalla (Recall@20) obtained with Light GCN
and SVD-GCN, for different proportions of sub-datasets generated through node- and edge-
dropout. The header reports a graphical intuition of o’s variation and average sampling
statistics.

Node dropeee Edge dropooo Node dropeeo Edge dropeoo Node dropeoo Edge dropeeo Node dropooo Edge dropeee

Average Sampling Statistics

Average Sampling Statistics

Average Sampling Statistics

Average Sampling Statistics

Users: 5,828

Items: 7,887

Interactions: 45,620

Users: 12,744

Items: 17,229

Interactions: 97,785

Users: 21,730

Items: 29,316

Interactions: 160,919

Users: 28,526

Items: 38,467

Interactions: 209,659

Characteristics LightGCN SVD-GCN LightGCN SVD-GCN LightGCN SVD-GCN LightGCN SVD-GCN
R*(adj. R?) 0.597(0.583) 0.754(0.745) 0.968(0.967) 0.970(0.969) 0.986(0.985) 0.987(0.987) 0.994(0.994) 0.991(0.991)
Constant 0.179" 0.193° 0.146* 0.159** 0.098** 0112+ 0062 0.077+
SpaceSizeiog 0.092 0.037 0.143" 0.064** 0.220% 0.136* —0.162** —0.048
Shapero, ~0.078 ~0.118 ~0.265 ~0.261% ~0.175 ~0.303 0.084 ~0.157
Di,nsify,(,y —0.079** —0.090** 0.261** 0.195%** 0.323** 0.251%* 0.072** 0.040
Gini-U ~0.013 0.015 0.184 0.193 0.246 0.224 0291+ 0.225"
Gini-I 0.883" 0.884% 0,856 0.867* 0911+ 0.940% 0.380% 0.387"
At;ng:gref:-U,,,g 0.052 0.005 0.536*** 0.390** 0.631* 0.539** —0.132* 0.070
AvgDegree-Tiog ~0.026 ~0.112 0.271% 0.129 0.456** 0.236" —0.048 —0.087
AvgClustC-Usyg 0.209 0.168 0,654 0.508" 0,687 0,647+ ~0.133 0.016
AvgClustC-T1p, —0.141 —0.227 0.137 ~0.007 0.436 0172 ~0.145 —0.112
Assort-U 0.008 —0.001 0.017 0.008 0.013 —0.002 0.011 —0.003
Assort-I —0.022 —0.078* 0.028 —0.057 0.059 ~0.056 0.012 —0.037

FEp_value < 0.001, **p-value < 0.01, *p-value < 0.05

Table 6.13 Additional results for RQ1 on Amazon-Book. The current table is to be interpreted

the same way as Table 6.11.

Characteristics LightGCN DGCF UltraGCN SVD-GCN
R2(adj. R?) 0.953(0.952) | 0.951(0.950) 0.800(0.797) | 0.964(0.963)
Constant 0.088"** 0.079*** 0.056*** 0.112%*
SpaceSize,q 0.456*** 0.364*** 0.067 0.433***
Shapeiog —0.668°* | —0.598%* ~0.215 —0.582+*
Densityog 0.546** 0.453*** 0.141** 0.541%*
Gini-U —0.073 —0.085 —0.350** —0.042
Gini-1 1.302%* 1.148** 0.772%* 1.306™**
AvgDegree-Up,g 1.336™** 1.116%** 0.316* 1.265%**
AvgDegree-I1,4 0.668*** 0.518*** 0.101 0.683***
AvgClustC-Ujeg 1.627%* 1.307*** 0.210 1.617%*
AvgClustC-Ijo, 0.431*** 0.337*** 0.111 0.354***
Assort-U 0.031 0.041* 0.070*** 0.028
Assort-1 —0.010 —0.004 0.025*** —0.010*

¥ p-value < 0.001,

**p-value < 0.01, *p-value < 0.05

Summary. The empirical and analytical evaluation of the explanatory model for
different settings of node- and edge-dropout indicates that their simultaneous combination
to generate the sub-datasets (i.e., the strategy we followed in RQ1) is beneficial to
produce meaningful explanations.

The interested reader may refer to Tables 6.13 and 6.14 for additional results of
RQ1 and RQ2.

6.4 How neighborhood exploration influences nov-

elty and diversity

To mitigate the over-smoothing effect, graph-based techniques for collaborative filtering
limit the exploration of neighborhood to three hops [61, 126, 325]. Similar approaches
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Table 6.14 Additional results for RQ2 on DGCF and UltraGCN. The current table is to be
interpreted the same way as Table 6.12.

Node dropeee Edge dropooo Node dropeeo Edge dropeoo Node dropeoo Edge dropeeo Node dropooo Edge dropeee

Average Sampling Statistics Average Sampling Statistics Average Sampling Statistics Average Sampling Statistics
Users: 5,828 Items: 7,887 Users: 12,744 Items: 17,229 Users: 21,730 Items: 29,316 Users: 28,526 Items: 38,467
Interactions: 45,620 Interactions: 97,785 Interactions: 160,919 Interactions: 209,659

Characteristics DGCF UltraGCN DGCF UltraGCN DGCF DGCF UltraGCN
R*(adj. R?) 0.888(0.884) 0.597(0.583) 0.973(0.972) 0.833(0.827) 0.988(0.988) 0.883(0.879) 0.994(0.994) 0.599(0.584)
Constant 0.162** 0.091% 0.131% 0.074% 0.085% 0.051%* 0.051%* 0.034*
SpaceSizelog 0.130** 0.175% 0.192% 0.358* 0.264* 0.337* —0.188*** 1.644**
Shapeyoy —0.109 —0.096 —0.232* —0.022 —0.136 —0.029 —0.011 1.055"*
Densityjoq —0.005 0.394% 0.294% 0.355%% 0.351% 0.340%% 0.168** 0.185
Gini-U —0.136 —0.824** 0.083 —0.880"** 0.130 —0.775" 0.200% —0.961
Glini-1 0.756* —0.152 0.717%* —0.248 0.668** —0.333 0.264** —0.732

AvgDegree-Upoy 0.179** 0.617%* 0.601*** 0.723* 0.684** 0. —0.014 1.302%*
AvgDegree-Ijo, 0.070 0.521** 0.369*** 0.702* 0.547 0.663*** —0.025 2.356*
AvgClustC-Uloy 0.362** 0.619** 0.715%* 0.641** 0.706** 0.481 0.001 1.099**
AvgClustC-Ii5y —0.080 0.412 0.252 0.903** 0.571** 0.962"* —0.083 2.415%*
Assort-U —0.001 0.001 0.011 0.000 0.001 0.012 0.008 0.064

Assort-1 —0.050 —0.111" 0.002 —0.151" 0.002 —0.086 —0.032 —0.141

FEp_value < 0.001, **p-value < 0.01, *p-value < 0.05

are designed to weight the importance of each neighbor node on its ego node through
attention mechanisms [313], which allows the exploration of even smaller portions of
the neighborhood to reach remarkable results [328].

Conversely, recent works [217, 278] highlight critical limitations in the adoption
of graph convolution to explore users’ and items’ neighborhoods. Starting from
the idea described in [126], they propose alternative reformulations of GCN for the
recommendation task, providing simplified and lighter versions which go beyond the
traditional concept of multi-hop message-passing. By comparing these latter approaches
to the ones described earlier, we might categorize them all into two families, namely,
graph recommendation techniques performing explicit (e.g., [61, 126, 325, 328]) and
implicit (e.g., [217, 278]) message-passing.

Although the literature has widely shown the recommendation accuracy boost of
such models to traditional (i.e., non-graph) CF baselines, their ability to produce novel
and diverse recommendation lists [310, 311] remains poorly investigated. While the
topic of multi-objective recommendation has been addressed only recently by few works
in graph CF [292, 401], modern recommender systems are more and more required to
reach a sufficient trade-off between accurate and novel/diverse recommendations [167,
287, 360], as a renewed need from both user’s and business’s perspectives [2, 5, 166].

This fourth part of the chapter seeks to understand how and why the neighborhood
exploration strategy and (optionally) depth may influence novelty and diversity rec-
ommendation metrics in graph collaborative filtering. To this aim, we run extensive
experiments by training and evaluating six state-of-the-art graph CF models on three
popular recommendation datasets.

Our contributions are threefold: (i) to the best of our knowledge, no previous work

has evaluated approaches from the two recognized graph recommendation families
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(i.e., explicit and implicit message-passing) on a grid of accuracy/novelty /diversity
recommendation metrics, (ii) to provide a fair comparison, we train all explicit
message-passing models exploring the whole hop range 1-4, which also allows examining
the accuracy /novelty /diversity trade-off on the neighborhood size, and (iii) we propose
a simple reformulation of the explicit message-passing schema where same-type node
connections (e.g., user-user) and different-type node connections (e.g., user-item)

are formally highlighted, in an effort to unveil their influence on the metrics’ trade-off.

6.4.1 Novelty and diversity in recommendation

User experience is becoming crucial on recommendation platforms [141, 149, 282]
as the suggestion of interesting lists of items satisfies users and entices them to
remain loyal to the platform, thus increasing profits [316]. A good user experience
requires the recommended items to be nontrivial, as diverse as possible, and possibly
unexpected [110, 282]. However, designing dedicated models is particularly challenging
due to the inherent difficulty of evaluating them without a user study. For this reason,
researchers have dedicated a considerable effort to the beyond-accuracy dimensions over
the past two decades [276, 311, 379]. While the search for the accuracy/novelty /diversity
trade-off has gained momentum in recommendation [5, 15, 167, 287, 360], to the best
of our knowledge, only two studies investigate novelty and diversity dimensions in
the field of graph collaborative filtering [292, 401]. They focus on identifying the
accuracy /diversity trade-off by proposing specific models that could achieve competitive
performance. However, they do not deepen into analyzing the influence of neighborhood
exploration on the highlighted dimensions.

On the contrary, we assess the state-of-the-art, most accurate models for graph recom-

mendation and inspect how they behave on novelty and diversity, exploring the potential

motivations with a focus on their different neighborhood exploration strategies.

6.4.2 Reformulating explicit message-passing

Starting from the novel model classification for graph collaborative filtering outlined
here (i.e., neighborhood exploration approaches leveraging explicit or implicit
message-passing), in this section we propose a simple (but useful) reformulation for
the former family where same- and different-type node interactions (e.g., user-user

and user-item, respectively) are formally highlighted.
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Preliminaries

Let U = {uy,ug,...,un} and Z ={iy,i9,...,ips} be the sets of users and items. Starting
from U and Z, we consider the bipartite and undirected graph connecting pairs of
nodes (i.e., users and items) with an existing interaction among them. User and item
node features are the embeddings e, € R? Vu € U and e; € R% Vi € Z, respectively.

Traditional message-passing

Let w and 7 be the nodes for the user and the item to update (ego nodes), and let A (u)
and N (i) be the sets of nodes at one hop from u and 4, respectively (neighbor nodes).
The schema aggregates the embeddings from the neighborhood (messages) to refine

the ego nodes:

ell) = ({ez(-,O),W/ € N(u)}) , egl) =w <{e$),Vu/ € N(z)}) (6.28)

(1)

1

(1)

where e;’ and e;’ are the refined embedding versions of user v and item ¢ after

) _

one hop, w(-) is the aggregation function (e.g., the summation), while e,,” = e,, and

(0)

e,  =ey. To explore deeper and deeper neighborhoods of the ego nodes, aggregation

is usually iterated. After two hops, the embeddings of user v and item i are:

el?) =y ({eg,l),w/ € N(u)}) : e7(;2) =w ({ef},),Vu’ € N(z)}) (6.29)

Thus, the general message-passing formulation after [ hops is:
el = ({eg,ll),‘v’i' € N(u)}) : el(.l) =w ({eg,l),Vu’ € N(z)}) (6.30)

Proposed reformulation

The two-hop node update in Equation (6.29) is further expanded through the one-hop
node update in Equation (6.28):

o = {u {2 N\ (1)) e ) })

2-ho 1-ho
of? = w({u({eld vir e ./\/(urj) \(3} }) v € /5@ y (631
2-hop o

where set differences are used to avoid node duplicates. After two hops, the node

embeddings of user v and item 4 get the contributions of those users u” and items i” for
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1-hop 2-hop 1-hop 2-hop 3'h'f'R

(a) (b)
Fig. 6.7 User and item neighborhood exploration after (a) 2 and (b) 3 hops. Contributions
to the ego node update are highlighted through dashed ovals. Edge direction indicates the
message propagation from neighbor to ego nodes.

whom there exists a user-item-user path connecting v with v”, and an item-user-item

path connecting ¢ with ", respectively (Figure 6.7a). Such paths link same-type nodes.
In a similar manner, let us apply the general formula from Equation (6.30) to the
three-hop node update:

el =u ({eﬁ?),vz’ € N(u)}) , el(-?’) =w <{ef,),Vu' € N(z)}) (6.32)

which we expand through Equation (6.31):

o) = w({w({wqegff),w”' e N (u")\ {i"} })

3-hop
v e N(i")\ {u"} }) Vi' € N(u) })
2-hop 1-hop (6.33)
o, ({w <{w ({efjf?,,vu’" e N ")\ {u"} }) ,
3-hop
Vi e N(u)\ {i"} }) V' e N (i) })
2-hop 1-hop

After three hops, the node embeddings of user u and item ¢ get the contributions of

those items """ and users u"”’

"

for whom there exists a user-item-user-item path con-
necting u with ¢/, and an item-user-item-user path connecting ¢ with u"”, respectively

(Figure 6.7b). In this case, such paths link different-type nodes.
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This reformulation outlines two neighborhood exploration types, propagating mes-
sages through same- and different-type nodes after an even and an odd number of
hops, respectively. While previous works assess recommendation performance when
indistinctly increasing the hop numbers, we provide a finer evaluation based on the
type of the explored nodes. In the next sections, we will count hops following the
introduced categorization. For example, same-type node explorations after 1 and 2

hops refer to the paths user-item-user and user-item-user-item-user, respectively, while

different-type node explorations after 1 and 2 hops refer to the paths user-item and

user-item-user-item, respectively.

Before deepening into the presentation and discussion of the experiments and results,
it is worth clarifying that what we propose here does not represent a way to recast
GNNs-based recommendation approaches under the relational-GNNs [273] perspective.
Indeed, the GNN architectures considered in recommendation work on graphs with
undirected edges which stand for single-typed links (i.e., “user has interacted with” and
viceversa); thus, when we refer to specific paths such as user-item-user-item, we are
actually considering a multi-hop exploration (consisting of multiple “user has interacted
with” kind of links) of the neighborhood. Bringing this clarification and what has been
said above together, we may state our proposed reformulation has the main and only
purpose to reconsider message-passing in GNNs approaches for recommendation as
a “typed” message-passing, meaning that the message-passing after an even and odd
number of explorations is connecting same- and different-type nodes in the graph,
respectively; however, the most (and only) atomic relation in the graph still remains of

one type (“user has interacted with”).

6.4.3 Experiments and discussion

In the following, we describe datasets, baselines, reproducibility details, evaluation

protocol, and results of our analysis.

Experimental setup

Datasets. We adopt Movielens-1M [121], Amazon Digital Music [218], and Epin-
ions [261]. Following a similar approach to [14], these datasets are binarized by retaining
interactions with a score greater than 3 (Epinions already has an implicit version)
and filtered through the p-core to avoid the cold-start effect [124, 125] which is out
of the scope of this analysis. Movielens-1M counts 5,915 users, 2,753 items, and
570,622 interactions, Amazon Digital Music counts 8,328 users, 6,275 items, and 99,400
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interactions, and Epinions counts 14,341 users, 13,145 items, and 269,170 interactions.
All datasets statistics are fully reported in Table 6.15.

Baselines. We evaluate graph recommendation models adopting explicit and
implicit message propagation.

Explicit message-passing

« Neural graph collaborative filtering (NGCF') [325] proposes to refine users’
and items’ collaborative embeddings by using a GCN-like model which explores the

neighborhood and the inter-dependencies among ego and neighbor nodes.

« Light graph convolutional network (Light GCN) [126] lightens and improves
the NGCF architecture by removing the embedding projections and non-linear

activations in each propagation layer.

« Disentangled graph collaborative filtering (DGCF) [328] weights the impor-
tance of neighbor nodes on the ego node by disentangling the intents involved in

each user/item interaction for the sake of explainability.

« Linear residual graph convolutional collaborative filtering (LR-GCCF) [61]
improves the Light GCN approach by introducing a novel residual block in the con-

volutional layer for the user-item preference prediction.

Implicit message-passing

« Ultra simplification of graph convolutional networks (UltraGCN) [217]
introduces additional objective function components to approximate infinite propa-

gation layers and learn useful item-item connections.

« Graph filter based collaborative filtering (GFCF) [278] leverages graph
signal processing to formulate a closed-form user-item preference prediction based

upon the bipartite graph.

Reproducibility. Datasets are split into train/validation/test with the 80/10/10
hold-out. Models are trained by searching the best hyperparameters as in [33] and
setting search spaces according to the original works while fixing the number of epochs
to 400 and batch size to 1024. Our implementation is based upon the Elliot framework
for reproducible recommender systems [11]. To foster the future reproduction of this

analysis, datasets, codes, and configuration files are made accessible!S.

6https://github.com/sisinflab /Novelty-Diversity-Graph.
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Table 6.15 Statistics of the tested datasets.

Datasets ‘ #Users ‘ #Items ‘ #Interactions ‘ Sparsity
Movielens-1M 5,915 2,753 570,622 0.9650
Amazon Digital Music 8,328 6,275 99,400 0.9981
Epinions 14,341 13,145 269,170 0.9986

Evaluation. First, we use the recall (Recall@k) and the normalized discounted
cumulative gain (nDCGQF) to measure the recommendation Accuracy of the baselines.
Then, following [310, 311], we select the expected popularity complement (EPCQF)
and the expected free discovery (EFD@QFk) as Novelty metrics [311], along with the 1’s
complement of the Gini index (Gini@k) and the Shannon entropy (SEQE) as Diversity
metrics [276]. Both the EPCQkL and the EFDQk account for long-tail items and
measure the expected number of recommended unknown and known items, which
are also relevant, respectively. The Gini@Qk and the SEQE calculate how unequally a
recommender system shows different items to users. We set the Recall@20 as validation
metric to follow the original papers. For each recommendation metric, higher values

stand for better performance.

Results and discussion

This section shows the recommendation performance of the tested baselines from a
general and a finer evaluation of the accuracy/novelty/diversity trade-offs. All reported
results refer to the top-20 recommendation lists.

Overall recommendation performance. Table 6.16 depicts recommendation per-
formance on accuracy, novelty, and diversity, when comparing explicit to implicit
message-passing graph approaches in their best configuration.

Coherently with the literature, DGCF and LR-GCCEF are steadily the best or the
second-to-best models on accuracy (e.g., DGCF reaches the second-to-best Recall
on Amazon Digital Music, while LR-GCCF obtains the best nDCG on Movielens-
IM). Approaches with implicit message aggregation (i.e., UltraGCN and GFCF) still
compete with the other baselines on accuracy (e.g., GFCF is the best model on Amazon
Digital Music for the Recall and the nDCG, and UltraGCN is the best technique on
Epinions for the nDCG).

As for the accuracy /novelty/diversity trade-off, we see that, independently of the
adoption of message-passing, accurate approaches can also produce novel recommen-
dations (e.g., LR-GCCF and DGCF are the best and second-to-best approaches for
accuracy and novelty on Movielens-1M, and GFCF and UltraGCN provide superior
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Table 6.16 Overall recommendation performance on accuracy, novelty, and diversity metrics for
top-20 recommendation lists, when comparing explicit to implicit message propagation.
Bold and underline stand for best and second-to-best values, respectively.

Models Movielens-1M Amazon Digital Music Epinions
Accuracy Novelty Diversity Accuracy Novelty Diversity Accuracy Novelty Diversity
Recall nDCG EPC EFD Gini SE Recall nDCG EPC EFD Gini SE Recall nDCG EPC EFD Gini SE
MostPop 0.1380  0.1099  0.0473  0.5365 0.0105 5.2156 | 0.0319 0.0154 0.0029  0.0263  0.0031 4.3832 0.0467  0.0224  0.0054  0.0489 0.0015  4.4358
Random 0.0077  0.0060 0.0036  0.0414 0.9105 11.4085 | 0.0017  0.0007  0.0002 0.0021  0.8929  12.5890 | 0.0015 0.0006 0.0002 0.0024 0.8789  13.6486
Explicit message-passing

NGCF 0.2535  0.1985  0.0929 1.0214 0.1479 8.9930 | 0.1127 0.0606 0.0109 0.1270 0.4130 11.6953 | 0.0792 0.0394 0.0096 0.1079 0.2107 11.6255
LightGCN | 0.2712  0.2167 0.1013  1.1129  0.1465 9.0079 | 0.1189 0.0628 0.0113 0.1310 0.3148  11.2940 | 0.0914 0.0466 0.0115 0.1217 0.0759  9.7898
DGCF 0.2791 0.2231 0.1047 1.1490 0.1462 9.0111 | 0.1264 0.0674 0.0123 0.1400 0.2483 10.8904 | 0.1046 0.0536 0.0132 0.1407 0.0599  9.6502

LR-GCCF | 0.2876 0.2274 0.1056 1.1589 0.1245 8.7438 | 0.1246 0.0664 0.0119 0.1388 0.4037 11.6542 | 0.0990 0.0504 0.0124 0.1377 0.1367  10.8977

Implicit message-passing

UltraGCN | 0.2540  0.2045  0.0901  0.9921  0.0766  8.0334 | 0.1256 0.0675 0.0123 0.1382 0.1737  10.0458
GFCF 0.1685 0.1398 0.0583 0.6577 0.0117 54064 | 0.1287 0.0744 0.0137 0.1544 0.2392  10.4923

0.1041 0.0541 0.0131 0.1397 0.0586  9.0948
0.0946  0.0496 0.0115 0.1158  0.0277  7.5926

accuracy performance on Amazon Digital Music and Epinions, respectively, with GFCF
outperforming all other baselines on novelty, and UltraGCN getting slightly lower EPC
and EFD values than DGCF). Unexpectedly, NGCF settles as the approach producing
the most diverse lists of recommended items on all datasets (i.e., see Gini and SE)
but cannot cope with the other baselines in terms of Recall and nDCG (similarly to
Random). Other graph models with explicit message-passing (especially DGCF
and LR-GCCF) are placed in the best accuracy/diversity trade-off spot, as they are
often the second-to-best approaches on diversity, with limited observable drops in the
accuracy. Contrarily, techniques with implicit message aggregation always show the
lowest diversity.

Observation 1. While the accuracy/novelty trade-off does not depend on the explic-

it /implicit message-passing, the accuracy/diversity trade-off is preserved only when

explicitly propagating messages, at the expense of recommendation accuracy drops.

A finer trade-offs evaluation. Figure 6.8 shows the accuracy /novelty /diversity trade-
off on Amazon Digital Music by varying the message-passing strategy (i.e., explicit
and implicit) and neighbor exploration depth only for the former case. Specifically,
we use the reformulation from Section 6.4.2 to separate explicit message propagation
results into same- and different-type node explorations at 1/2 hops.

We confirm that, while UltraGCN and GFCF can compete well on the accuracy /nov-
elty trade-off with the other baselines (whatever the explored number of hops and node
type), the opposite occurs on the accuracy/diversity trade-off. Indeed, higher accuracy
values for UltraGCN and GFCF are obtained at the expense of significant drops in
their diversity, even compared to message propagation at 1 hop (e.g., DGCF surpasses
them on diversity at the expense of a slightly lower accuracy in the same-node).

As for the influence of same- and different-type node explorations, wider explo-

rations of the neighborhood almost always lead to improved accuracy/novelty and
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Fig. 6.8 Accuracy/Novelty (a) and Accuracy/Diversity (b) trade-offs of graph models with

explicit (i.e., filled bar plots) and implicit message-passing (i.e., patterned bar plots)

on Amazon Digital Music for top-20 recommendation lists. As for explicit message-passing,

results are further categorized into different- and same-node type explorations (i.e., the

leftmost and central tabs in each plot, respectively), when varying the number of hops from 1

to 2. Accuracy, novelty, and diversity are assessed through Recall (in teal blue), EPC (in
), and Gini (in ), respectively. Best viewed in color.

accuracy /diversity performance, independently of the explored node types (apart from
the same-type settings for NGCF on the Recall and LR-GCCF on the Recall and the
EPC). Noticeably, the exploration of 1 hop in the same-type node setting leads to a
better trade-off in accuracy/novelty/diversity than the exploration of 2 hops in the
different-node setting (e.g., Light GCN increases the Recall and the EPC without a
significant variation of Gini, and DGCF slightly decreases the Recall and the EPC,
but improves Gini).

Observation 2. To confirm observation 1, explicit message propagation (even at 1

hop) can reach a better accuracy/diversity trade-off than implicit propagation; same-type

node explorations lead to improved accuracy/novelty and accuracy/diversity trade-offs.

6.5 Auditing consumer- and provider-fairness

The adoption of deep learning (and, often, black-box) approaches to the recommenda-
tion task has raised issues regarding the fairness of recommender systems. The concept
of fairness in recommendation is multifaceted. Specifically, the two core aspects to
categorize recommendation fairness may be summarized as (1) the primary parties

engaged (consumers vs. providers) and (2) the type of benefit provided (exposure vs.
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relevance). Item suppliers are more concerned about exposure fairness than customers
because they want to make their products better known and visible (Provider fairness).
However, from the customer’s perspective, relevance fairness is of utmost importance,
and hence system designers must ensure that exposure of items is equally effective
across user groups (Consumer fairness). A recent study highlights that papers on rec-
ommendation fairness concentrated on either C-fairness or P-fairness [224], disregarding
the joint evaluation between C-fairness, P-fairness, and the accuracy.

The various graph CF strategies described above have historically centered on the
enhancement of system accuracy, but, actually, never focused on the recommendation
fairness dimensions. Despite some recent graph-based approaches have specifically been
designed to address C-fairness [99, 172, 252, 315, 319, 345] and P-fairness [37, 213, 215,
292, 395, 401], there is a notable knowledge gap in the literature about the effects of the
state-of-the-art graph strategies on the three objectives of C-fairness, P-fairness, and
system accuracy. This study intends to complement the previous research and provide
answers to pending research problems such as how different graph models perform for
the three evaluation objectives. By measuring these dimensions in terms of overall
accuracy, user fairness, and item exposure, we observe these aspects!?.
Motivating example. A preliminary comparison of the leading graph and classical
CF models is carried out to provide context for our study. The graph-based models
include Light GCN [126], DGCF [328], LR-GCCF [61], and GFCF [278], which are tested
against two classical CF baselines, namely BPRMF [258] and RP33 [246], on the Baby,
Boys & Girls, and Men datasets from the Amazon catalog [228]. We train each baseline
using a total of 48 unique hyper-parameter settings and select the optimal configuration
for each baseline as the one achieving the highest accuracy on the validation set (as in
the original papers). Overall accuracy, user fairness, and item exposure (as introduced
above) are evaluated. Figure 6.9 displays the performance of the selected baselines on
the three considered recommendation objectives. For better visualization, all values
are scaled between 0 and 1 using min-max normalization, and, when needed, they
are replaced by their 1’s complement to adhere to the “higher numbers are better”
semantics. As a result, in each of the three dimensions, the values lay in [0, 1] with
higher values indicating the better. Please, note that such an experimental evaluation
is not the main focus of this analysis but it is the motivating example for the more

extensive analysis we present later. The interested reader may refer to Section 6.5.3

1T the rest, when no confusion arises, we will refer to C-fairness with user fairness, to P-fairness
with item exposure, and to their combination as CP-fairness.
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for a presentation of the full experimental settings to reproduce these results and the
ones reported in the following sections.

First, according to Figure 6.9, graph CF models are significantly more accurate than
the classical CF ones, even if the latter perform far better in terms of item exposure.
Moreover, the displayed trends suggest there is no clear winner on the user fairness
dimension: classical CF models show promising performance, while some graph CF
models do not achieve remarkable results. As a final observation, an underlying trade-off
between the three evaluation goals seems to exist, and it might be worth investigating
it in-depth. Such outcomes open to a more complete study on how different strategy
patterns recognized in graph CF may affect the three recommendation objectives,
which is the scope of this study.

Research questions and contributions. In the remainder, we therefore attempt to

answer the following two research questions (RQs):

RQ1. Given the different graph CF strategies, the raising question is “Can we explain

the variations observed when testing several graph models on overall accuracy, item

exposure, and user fairness separately?” According to a recent benchmark that identifies

some state-of-the-art graph techniques [409], the suggested graph CF taxonomy (Ta-
ble 6.17) extends the set of graph-based models introduced in the motivating example
by examining eight state-of-the-art graph CF baselines through their strategies for
nodes representation and neighborhood exploration. We present a more nuanced view of
prior findings by analyzing the impact of each taxonomy dimension on overall accuracy

and CP-fairness.

RQ2. The demonstrated performance prompts the questions: “How and why nodes

representation and neighborhood exploration algorithms can strike a trade-off between

overall accuracy, item exposure, and user fairness?” We employ the Pareto optimality

to determine the influence of such dimensions in two-objective scenarios, considering
overall accuracy, item exposure, and user fairness. The Pareto frontier is computed for
three 2-dimensional spaces: accuracy/item exposure, accuracy /user fairness, and item

exposure/user fairness.

6.5.1 A formal taxonomy of graph CF
Updating node representation through message-passing

The representation of users’ and items’ nodes are updated by leveraging the graph

topology from G. In this respect, the message-passing schema has recently gained
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Fig. 6.9 Kiviat diagrams indicating the performance of selected pure and graph CF recom-
menders on overall accuracy (i.e., O-Acc, calculated with the nDCG@20), item exposure
(i.e., I-Exp, calculated with the APLT@20 [3]), and user fairness (U-Fair, calculated with the
UMADrat@20 [81]). Higher means better.

Table 6.17 Categorization of the chosen graph baselines according to the proposed taxonomy.
For each model, we refer to the technical description reported in the original paper and try
to match it with our taxonomy.

Nodes Neighborhood
Representation Exploration
Models Latent ' Weighting Explored Mess.age
representation nodes passing

low high weighted unweighted same  different implicit  explicit

GCN-CF* [158] v v v v
GAT-CF* [313] v v v v
NGCF [325] v v v v
LightGCN [126] | v v v v
DGCF [328] v v v v
LR-GCCF [61] | v v v v v
UltraGCN [217] | v v v v

GFCF [278] v v

*The postfix -CF indicates that we re-adapted the original implementations (tailored
for the task of node classification) to the task of personalized recommendation.

attention in the literature. The algorithm works by aggregating the information (i.e.,
the messages) from the neighbor nodes into the ego node, and the process is recursively
performed for multiple hops thus exploring wider neighborhood portions. In general,

the message-passing for [ hops is:
ell) =w ({el ™V Vi’ e N(w)}), (6.34)

where w(-) and N (-) are the aggregation function and neighborhood node set, respec-

tively, while [ is in 1 <[ < L, where L is a hyper-parameter. Note that the following

statements hold: eq(?) =e, and el0) = e;. A reworking of Equation (6.34) for [ € {2,3}

1
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allows same- and different-type node representation emerge [18]:

ame-type _ (0) " -/ -/
Same-ty {333 —w<{w({&z,Vu e N\ {u}}). ¥ e Nw)})

node

representation (user) (user)

T E ({o({w({ i(fi Vi e N\ {i"}}), (6.35)
node (user) (item)

representation v € N(Z/) \ {u,,}}) ,\V/’L'/ c N(u)})

To better clarify the extent of Equation (6.35), after an even and an odd number
of explored hops, ego node updates leverage by design same- and different-type node
connections, i.e., user-user/item-item and user-item/item-user as evident from Equa-
tion (6.35). While the existing literature does not always consider the two scenarios as
distinct, we underline the importance of investigating the influence of different node-
node connections explored during the message-passing. In light of the above, we will
count the number of explored hops as follows: e&QZ),Vl e{1,2,..., %} as obtained through
[ same-type node connections (denoted as same-l), and egl*l),Vl €{1,2,....L} as
obtained through [ different-type node connections (denoted as different-l). In the

following, we introduce the graph convolutional network (GCN) and its CF applications.

The baseline: graph convolutional network (GCN). The standard graph con-
volutional network from Kipf et al. [158] performs feature transformation, message
aggregation, application of a one-layer neural network, element-wise addition, and
ReLU activation, respectively. Let us consider WO e Rl-1%d gnd b € R% as the

weight matrix and the bias for the [-th explored hop. Message-passing for user w is:

e :ReLU( 3 (W<“e§f‘1)+b<l))). (6.36)
' eEN(u)

GCN for collaborative filtering. Inspired by the GCN message-passing approach,

the authors from Wang et al. [325] propose neural graph collaborative filtering (NGCF).

At each hop exploration, the model aggregates the neighborhood information and

the inter-dependencies among the ego and the neighborhood nodes. Formally, the

aggregation could be formulated as follows:

e :LeakyReLU( S (Wlel Wi (el el ) +b<”)>, (6.37)
' eN(u)

where LeakyReLU is the activation function, WO e RA-1xd gnd W e RA-1xdi

neigh inter
are the neighborhood and inter-dependencies weight matrices, respectively, while ® is

the Hadamard product.
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He et al. [126] propose a light convolutional network, namely Light GCN, with the
rationale to simplify the message-passing schema from GCN and NGCF by dropping
feature transformations (i.e., the weight matrices and biases) and the non-linearity

applied after the message aggregation. Specifically, they implement:

= 3 elh. (6.38)
' eN(u)
The variation shows superior accuracy to the state-of-the-art. A slightly different

solution [61] can outperform Light GCN regarding the accuracy level.

6.5.2 Weighting the importance of graph edges

The message-passing schema is inherently designed to aggregate into the ego node
all messages coming from its neighborhood. Nevertheless, the binary nature of the
user-item feedback (i.e., 0/1) would suggest that not all recorded user-item interactions
necessarily hide the same importance to the nodes they involve.

In general, let al(/l)_m be the importance of the neighbor node y on its ego node
x after [ explored hops. We re-write the formulation of the message-passing after [

explored hops (presented in Equation (6.34)) as:
el) = ({agfguegf_l),w’ € J\/(u)}) . (6.39)

The baseline: graph attention network (GAT). Attention mechanisms have
reached considerable success in the GCN-related literature to weight the contribution of
neighbor messages before aggregation. The original study [313] proposes the following

message-passing formulation:

eq(f): Z (al(-/l)_mW(l) e(l_l)—i-b(l))

neigh 4/
i €N (u)
= > (a (eﬁf—n,eg—l))ngighegg—n +b(;))7 (6.40)
i'eN(u)

where «(-) is the importance function depending on the lastly-calculated embeddings

of the neighbor and the ego nodes, e.g., ag,l)_m —a <e(.ll),eg1)>.

Zl
GAT for collaborative filtering. The authors from Wang et al. [328] design a
message-passing schema that calculates the importance of neighborhood nodes for ego

nodes by disentangling the intents underlying each user-item interaction. Similarly
to He et al. [126] and Chen et al. [61], they therefore propose the following embedding
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update formulation:

Sy el

' eN(u)

= Z a<e§, D, ell- DKT) (--1).
'eN (u)

(6.41)

where (-, K,T) is the importance function of the lastly-calculated embeddings from
the neighbor and the ego nodes, e.g., a(,l)_m =« e(,l 1),eg_1),K, T>, K is the total
number of intents, and T is the total number of routing iterations to repeat the

disentangling procedure.

Going beyond message-passing

The recent graph learning literature [54, 405] has outlined the phenomenon of over-
smoothing, that leads node representations to become more similar as more hops are
explored. The issue is generally tackled by limiting the neighborhood exploration to
(maximum) three hops, and to two hops when attention mechanisms are introduced.
However, the idea of improving accuracy by restricting the number of explored neigh-
borhoods is counter-intuitive and “conflicts” with the rationale behind collaborative
filtering [19]. This awareness led works such as Mao et al. [217] and Shen et al. [278] to
surpass and simplify the traditional concept of message-passing. UltraGCN [217] adopts
negative sampling to contrast over-smoothing and additional objective terms to (i)
approximate the infinite neighborhood exploration and (ii) mine relevant “unexpected”
node-node interactions such as the item-item ones. Conversely, GFCF [278] translates
the graph-based recommendation task into the graph signal processing domain to obtain
a closed-form formulation for approximating the infinite neighborhood exploration.
Given that such recent strategies do not explicitly perform the message-passing schema
as presented above, in the remaining sections, we will adopt the terms explicit and

implicit message-passing as shorthands to denote the two model families, respectively.

A taxonomy of graph CF approaches

We propose (see Table 6.17) a taxonomy to classify the state-of-the-art graph models.
The taxonomy considers the recurrent strategy patterns as emerged by conducting

an in-depth review and analyzing the different graph CF approaches.
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e Node representation indicates the representation strategy to model users’ and
items’ nodes. It involves the dimensionality of node embeddings, and the possibility

of weighting the neighbor node contributions.

e Neighborhood exploration refers to the procedure for exploring the multi-hop
neighborhoods of each node to update the node latent representation. It involves
the type of node-node connections which are explored, and the message-passing

schema (i.e., explicit or implicit as previously defined).

In the next two sections, we will assess the performance of the graph CF models
from the taxonomy in Table 6.17. Thus, we consider GCN-CF [158], GAT-CF [313],
NGCF [325], Light GCN [126], DGCF [328], LR-GCCF [61], UltraGCN [217], and
GFCF [278] for a total of eight graph CF solutions.

6.5.3 Experimental settings and protocols

Datasets. As a pre-processing stage, for each dataset, we randomly sample 60k
interactions and drop users and items with less than five interactions to avoid the
cold-start effect [124, 125]. The final dataset statistics are: (1) Baby has 5,842 users,
7,925 items, 35,475 interactions; (2) Boys & Girls has 3,042 users, 12,912 items, 35,762
interactions; (3) Men has 3,909 users, 27,656 items, 51,519 interactions.
Reproducibility. Datasets are split using the 70/10/20 train/validation/test hold-out
strategy. Baselines are trained through grid search (48 explored configurations), with
a batch size of 256 and 400 epochs. Datasets and codes (implemented with Elliot [11])
are available at: https://github.com/sisinflab/ECIR2023-Graph-CF.

Evaluation. As for the overall accuracy, we use the recall (Recall@k) and the
normalized discounted cumulative gain (nDCG@Qk). Concerning the item exposure, we
focus on: (1) item novelty [310, 311] through the expected free discovery (EFDQk)
measuring the expected portion of relevantly-recommended items that have already
been seen by the users; (2) item diversity [276] with the 1’s complement of the Gini
index (GiniQk), a statistical dispersion measure which estimates how a model suggests
heterogeneous items to users; (3) the average percentage of items from the long-tail
(APLT@F) which are recommended in users’ lists [3] to calculate recommendation’s bias
towards popular items. User fairness indicates how equally each user group receives
accurate recommendations. Users are split into quartiles based on the number of items
they interacted with. We then measure UMADrat@Fk and the UMADrank@Fk [81], where
the former stands for the average deviation in the predicted ratings among users groups,

while the latter represents the average deviation in the recommendation accuracy


https://github.com/sisinflab/ECIR2023-Graph-CF

6.5 Auditing consumer- and provider-fairness 155

(calculated in terms of nDCG@k) among users groups. The best hyper-parameter

configurations are found by considering Recall@20 on the validation.

6.5.4 Taxonomy-aware evaluation

This section aims to answer RQ1 (“Can we explain the variations observed when
testing several graph models on overall accuracy, item exposure, and user fairness
separately?”) by showing how the proposed taxonomy of graph strategies can explain
the recommendation evaluation on CP-Fairness and overall accuracy. We experiment
with 48 hyper-parameter configurations to investigate various combinations of graph
CF techniques for message-passing, explored nodes, edge weighting, and latent repre-
sentations. Results refer to the Amazon Men dataset and top-20 lists (Table 6.18).
Please note that we report the best metric result for each <dimension, value> pair
(the corresponding best graph recommendation model is displayed below each metric

result) to ease the interpretation of results and provide meaningful insights.

e Message-passing. We investigate the two widely-recognized message-passing
strategies: implicit and explicit. The most obvious pattern indicates that both sets
have almost the same number of top-performing models in each of the evaluation
criteria. Fzxplicit graph approaches perform better on item exposure, where they
outperform implicit techniques (i.e., on Gini and APLT) two out of three times by
a significant margin. On the one hand, this tendency may be due to the absence of
a direct message (information) propagating along the user-item graph in implicit
techniques, which prevents the user node from exploring vast item segments. On the
other hand, it appears that models from both families perform similarly on accuracy
and user fairness, indicating that there is no obvious reason to favor implicit over

explicit or vice versa.

e Explored nodes. Here, we examine four methods to explore nodes (adopting the
message-passing re-formulation from Equation (6.35)): same and different, with 1
and 2 hops. Similarly to the trend found for the message-passing dimension, the
results demonstrate that the two primary categories (same and different) are nearly
equally performing across all measurements, with same-2 and different-1 being the
prominent ones. In detail, the different-1 exploration outperforms the same-2 on
the overall accuracy level (GFCF is the leading model here). Conversely, same-2
is the best strategy for item exposure (with LR-GCCF and GAT-CF leading). As

observed for the message-passing, user fairness does not give a reason to choose
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Table 6.18 Best metric results (and corresponding graph CF model) for each <dimension,
value> pair, on the Amazon Men dataset for top-20 lists. Bold is used to indicate the best
result in the pairs having a two-valued dimension, while } is used only for the “explored
nodes” dimension to indicate also the best results on same and different. The symbols | and
| indicate whether better stands for high or low values. We use “rank” and “rat” as the
UMADrank@k and UMADratQk.

. . Overall Accuracy Item Exposure User Fairness
Dimensions Values
RecallT nDCGT EFDT GiniT APLTT rankl ratl
. . 0.1222 0.0911 0.2615 0.2871 0.1808 0.0123 0.0022
Message implicit
. (GFCF) (GFCF) (GFCF) (UltraGCN)  (UltraGCN)  (UltraGCN)  (UltraGCN)
passing
caplicit 0.1223 0.0884 0.2536 0.5090 0.3823 0.0002 0.0169
P (LR-GCCF)  (LR-GCCF)  (LR-GCCF) (LR-GCCF) (GAT-CF) (DGCF)  (LightGCN)
— 0.1221f 0.0884f 0.2500f 0.4377 0.3433  0.0002F  0.0022f
Explored (LR-GCCF)  (LR-GCCF)  (LR-GCCF)  (LR-GCCF)  (GAT-CF)  (DGCF) (UlraGCN)
nodes ame.? 0.1184 0.0841 0.2380 0.5090f  0.3823"1 0.0002f  0.0209
(LightGCN)  (LightGCN)  (LightGCN)  (LR-GCCF) (GAT-CF)  (DGCF) (NGCF)
different-1 0.12221  0.09117  0.26157 04093 03424  0.00027  0.00227
(GFCF) (GFCF) (GFCF) (NGCF) (GAT-CF)  (DGCF)  (UltraGCN)
different-2 01210 0.0850 02407 049347 034387 0.00027  0.0388
e (DGCF) (DGCF) (LightGCN)  (LR-GCCF)  (LR-GCCF)  (DGCF) (LightGCN)
. 0.1210 0.0857 0.2428 0.3240 0.3823 0.0002 0.0301
s 1. weighted
Weighting (DGCF) (DGCF) (DGCF) (DGCF) (GAT-CF)  (DGCF) (DGCF)
. 0.1223 0.0884 0.2536 0.5090 0.3438 0.0101 0.0169
unweighted

(LR-GCCF) (LR-GCCF) (LR-GCCF) (LR-GCCF) (LR-GCCF) (GCN-CF) (LightGCN)

0.1193 0.0871 0.2479 0.5090 0.3627 0.0002 0.0054

emb-64
Latent (LR-GCCF) (LR-GCCF) (LR-GCCF)  (LR-GCCF)  (GAT-CF) (DGCF) (UltraGCN)
representations b 128 0.1221 0.0883 0.2536 0.5090 0.3644  0.0002 0.0111
eme- (LR-GCCF)  (LR-GCCF)  (LR-GCCF) (LR-GCCF) (GAT-CF) (DGCF) (UltraGCN)
omb-256 0.1223 0.0884 0.2532 0.5038  0.3823 0.0002  0.0022
(LR-GCCF) (LR-GCCF)  (LR-GCCF) (LR-GCCF)  (GAT-CF) (DGCF) (UltraGCN)

between same and different. The exploration of 1 hop in same and different settings

is the preferable technique, even if 2 hops connections lead to a better item exposure.

e Weighted. This study examines weighted and unweighted graph CF techniques.
Differently from above, we observe that unweighted solutions provide the best
performance on almost all CP-fairness metrics, with LR-GCCF steadily being the
superior approach. The only trend deviation refers to GAT-CF (i.e., a weighted
method) surpassing unweighted solutions on the APLT level, that is, recommending
items from the long-tail. The behavior is likely attributable to the design of weighted
techniques, which can investigate farther neighbors of the ego node (observe the
performance of GAT-CF on the same-2 dimension), leading user profiles to match
distant (and possibly niche) products in the catalog. On the contrary, it is interesting

to notice how the other two metrics accounting for item exposure (i.e., EFD as item
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novelty measure and Gini as item diversity measure) seem to privilege unweighted
graph techniques (i.e., LR-GCCF). The observed behaviors differ as the three metrics
provide completely different perspectives of the item exposure, and thus they are

uncorrelated.

e Latent representations. We compare the performance of graph CF techniques
adopting latent representations with 64, 128, and 256 features, respectively. It is
worth noticing that higher-dimensional latent representations (i.e., 128 and 256)
result in better performance on all measurements. Specifically, it appears that the
128 dimension is the turning point after which the trend becomes stable (i.e., the
metric values for 7128 and 256 are frequently comparable). This may be an important
insight since the majority of research works in recent literature tend to employ
64-embedded representations of nodes without exploring further dimensionalities

(see Table 6.17 as a reference).

6.5.5 Trade-off analysis

This section analyses how the graph CF baselines balance the trade-off among accuracy,
item exposure, and user fairness, and aims to answer RQ2 (“How and why nodes
representation and neighborhood exploration algorithms can strike a trade-off between
overall accuracy, item exposure, and user fairness?”). Due to space constraints, we
report the results only for the Amazon Men dataset. The negative Pearson correlation
values for accuracy/item exposure (nDCG/APLT) and accuracy/user fairness (nD-
CG/UMADrank) suggest that a trade-off may be necessary, and desirable. In addition,
the same correlation metric indicates the necessity of a trade-off for item exposure/user
fairness (APLT/UMADrank). Among the strategy patterns identified in the proposed
taxonomy (see Table 6.17), we select the most important architectural dimensions,
message-passing and weighting of graph edges, to conduct this study. In detail, the
analysis studies three combined categories: (1) models with implicit message-passing
(denoted as implicit); (2) models with explicit message-passing and neighborhood
weighting (denoted as exzplicit/weighted); (3) models with explicit message-passing
without neighborhood weighting (denoted as explicit /unweighted). For each analyzed
trade-off, we select the Pareto optimal solutions'® of the baselines laying on the model-
specific Pareto frontier [243]. Figure 6.10 plots graph models Pareto frontiers in the

common objective function spaces related to the considered trade-offs. The careful

I8 A solution is Pareto optimal if no other solution can improve an objective without hurting the
other one.
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reader may notice the different axis’ scales across the graphics due to the metric values.
The colors of Pareto optimal solutions are model-specific, while the line style is used to
distinguish the categories: dotted lines for implicit, dash-dot lines for ezplicit/weighted,
and dashed lines for ezplicit /unweighted.

e Accuracy/Item Exposure. Figure 6.10a shows that the ezplicit/weighted models
exhibit a trade-off, as they maximize either nDCG (i.e., DGCF) or APLT (i.e., GAT-
CF), but not both. This is expected since DGCF is designed as a version of GAT-CF
with improved accuracy. It is worth mentioning that DGCF’s trade-off is reached
at the expense of item exposure. In contrast to these models, explicit/unweighted
baselines show a balanced trade-off because they do not prioritize accuracy or
item exposure exclusively. In detail, LR-GCCF provides the best performance in
terms of nDCG and APLT simultaneously. From a visual inspection, LR-GCCEF’s
Pareto frontier dominates those of the other ezplicit/unweighted models. Conversely,
GCN-CF exhibits the worst trade-off because it is neither ideal for nDCG nor APLT.
As for the implicit models, they appear to prioritize precision over the provision
of long-tail items. Under this lens, the latest (i.e., implicit) approaches seem to

increase accuracy, even if this is to the detriment of the niche items exposure.

e Accuracy/User Fairness. To ease the interpretation of Figure 6.10b, we recall
that UMADrank (used to measure User Fairness) measures to what extent the
model ranking performance differs among the user groups (partitioned based on
their activity on the platform). Figure 6.10b shows that, for GAT-CF and GCN-CF,
the poor performance in terms of nDCG is associated with high variability in terms
of user fairness. In fact, for these two models, the UMADrank value indicates
high variability across user groups. Something different emerges for models such
as NGCF, Light GCN, LR-GCF, and GFCF. These models, GFCF in particular,
exhibit valuable recommendation accuracy with better stability in terms of ranking
performance across the different user groups. As a consequence, the Pareto frontiers
associated with these models dominate the others. In detail, GFCF is the best-
performing one regarding this trade-off. Conversely, UltraGCN and DCGF do not
show consistent behavior demonstrating a strong sensitivity to the chosen hyper-
parameters set. In this setting, no graph CF strateqy emerges as the absolute winner.
Specifically, every graph CF strategy is not enough to guarantee adequate fairness
among different user groups. Then, the positive results are associated with particular

configurations of some models and are lost when the hyper-parameter set changes.
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e Item Exposure/User Fairness. The trade-off indicates to what extent graph
CF models can treat final users fairly and recommend items from the long tail.
In Figure 6.10c, it is possible to identify two groups of baselines: the models that
show poor performance in terms of item exposure (UltraGCN, DGCF, GCN-CF,
and GFCF) and the models that exhibit an acceptable exposure for long-tail items
(Light GCN, NGCF, LR-GCCF, and GAT-CF). In detail, a cluster of models that
belong to the explicit/unweighted category stands out in this second group. Not
only are these models able to recommend niche items, but also they are stable
(among the user groups) in terms of accuracy. On the contrary, although GAT-CF

t19 it exhibits greater variability regarding the accuracy

lies close to the utopia poin
metric. Indeed, comparing Figure 6.10c with Figure 6.10a, GAT-CF demonstrates
to achieve adequate user fairness, but its performance is still very poor in terms
of accuracy. To summarize, even if a system designer could be more interested in
promoting models solely gquaranteeing the best value for APLT (provider Fairness),
the explicit/unweighted strategies can generally ensure a satisfactory (for Consumers

and providers) trade-off between user fairness and item exposure.

6.6 Summary

This chapter tailored the experimental and evaluation paradigms introduced in the
previous chapters to the state-of-the-art strategies and techniques for graph-based
recommendation, also defined under the paradigm of graph collaborative filtering.
Similarly to the previous chapter, we proposed a framework for the reproducibility and
evaluation of graph-based recommender systems built upon Elliot, later used to replicate
the results of such models. Indeed, the reproducibility analysis uncovered interesting
and unexpected findings regarding the possible influence of dataset characteristics on
the performance of graph-based recommender systems. Thus, we decided to extend the
investigation by considering some of the main topological properties of the user-item
graph in terms of clustering coefficient and degree assortativity (conceptually linked to
node degree). Results showed how such dependences are strongly evident in graph-
based recommendation, and their latent-factor component may be the one component
influencing recommendation performance the most. Indeed, this helped re-interpreting
the graph collaborative filtering strategies under another perspective which might
drive the designing and implementation of novel such approaches according to graph

topological characteristics of each dataset. Finally, we studied how and to what extent

19The point that simultaneously minimizes (maximizes) all the metrics.
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existing strategies adopted for each step of the recommendation pipeline in graph-based
recommendation may influence the performance in terms of novelty, diversity, and
consumer/provider fairness. Moreover, the proposed analysis was conducted in a
single- and multi-objective settings. Observed results outlined that user-user and item-
item message-passing explorations may improve accuracy/diversity /novelty trade-off;
additionally, the outcomes on the consumer/provider fairness raised concerns about
the effective application of recent approaches in graph collaborative (e.g., implicit
message-passing techniques).

The current chapter helped providing the necessary background notions in terms of
state-of-the-art, models’ formulations, and (novel) performance evaluations regarding
graph-based recommendation systems. Under such bases, and supported by the findings
in the multimedia recommendation scenario previously considered, we present the final
outcomes of this thesis. Thus, in the next chapter, we bring together the lessons-learned
in multimedia recommendation and graph-based recommendation by studying and
proposing novel approaches in graph-based recommender systems leveraging multimodal

information.






Chapter 7

Graph-based recommendation

exploiting multimodal information

This chapter seeks to combine the lessons-learned from multimodal-aware and graph-
based recommendation with the proposal of a novel approach. Following the same
experimental and evaluation paradigms already adopted in the previous chapters of the
thesis, we first benchmark state-of-the-art (graph-based) models leveraging multimodal
content on different recommendation dimensions with respect to the literature, namely,
novelty, diversity, and popularity bias, along with various multimodality settings.
Finally, by discussing the existing limitations in the way multimodality is generally
handled in graph-based recommendation approaches, a new solution leveraging reviews
on edges for graph-based recommendation is proposed and tested against state-of-the-
art recommendation techniques leveraging reviews. Results demonstrate the efficacy of
the introduced solution, which seems to be also able to limit the negative effects of

known issues in graph learning, namely, the over-smoothing effect.

7.1 Novelty and diversity in multimodal-aware rec-

ommendation

Despite the indisputable success of multimodal-aware recommender systems as rec-
ognized in the recent literature, mainly thanks to their recommendation accuracy
improvements to the existing baselines, some performance evaluation concerns still
raise. Indeed, as most of these methods follow similar strategy patterns with few
variations on the main theme, it can be challenging to unveil which technique is actu-

ally providing the most impactful contribution to the recommendation performance.



164 Chapter 7 Graph-based recommendation exploiting multimodal information

Additionally, most of such approaches are trained and evaluated under different im-
plementations, which come with their own data splitting/sampling, hyper-parameter
searching, and evaluation protocols.

To address such an evaluation gap in the literature, the first part of this chapter
aims to provide the first extensive benchmarking setting for the multimodal-aware

recommendation. Specifically, our contributions are threefold:

o We provide a unified framework to benchmark five state-of-the-art multimodal-aware
recommender systems (i.e., VBPR [125], MMGCN [339], MGAT [305], GRCN [338],
and LATTICE [382]) on three popular recommendation datasets from the Amazon
catalog [218] (i.e., Office, Toys, and Clothing).

o We run extensive hyper-parameter explorations to fine-tune all tested models under
the same settings for a fair comparison. While confirming some findings from the
existing literature, results also show how careful hyper-parameter tuning can make
even shallow approaches (e.g., VBPR) quite competitive against more complex and
recent ones (e.g., GRCN).

o In addition to assessing recommendation accuracy, we complement the evaluation
through an analysis of the novelty [310, 311] and diversity [276] of the produced
lists of recommendation. To the best of our knowledge, this is the first attempt to

perform this analysis in the domain of multimodal-aware recommendation.

To foster the reproducibility of our benchmark, we share the code and datasets
adopted in this work: https://github.com/sisinflab/MultiModal-Eval.

7.1.1 Novelty and diversity in recommendation

User experience plays a crucial role in recommendation platforms, as highlighted
by several academic studies [141, 149, 282]. Such works emphasize that suggesting
interesting lists of items satisfies users and encourages them to remain loyal to the
platform, ultimately leading to increased profits [316]. To ensure a good user experience,
the recommended items must be nontrivial, diverse, possibly unexpected [110, 282],
fair [75, 77], and explainable [76, 77]. However, designing dedicated models for
recommendation systems presents significant challenges, mainly because evaluating
them requires conducting user studies.

Consequently, researchers have invested substantial effort in exploring beyond-

accuracy dimensions within the field of recommendation systems over the past two
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decades [276, 311, 379]. These dimensions refer to aspects beyond the traditional
accuracy metric, aiming to improve the overall user experience.

While user experience has been a crucial aspect when evaluating multimodal-aware
intelligent systems [147, 250, 390] for years, in recommendation it has gained attention
only recently [35, 71]. As for multimodal-aware recommendation, most of the research
efforts have focused on emphasizing the advantages of multimodal recommendation
models in addressing the cold start user problem [125, 236, 242]. However, to the best
of our knowledge, there is a lack of recent scientific literature that explicitly considers
the impact of multimodality on user experience in terms of novelty and diversity of
the produced recommendations. To this end, our analysis stands first and foremost as

an attempt to bridge such an evaluation gap.

7.1.2 Proposed analysis

This section describes our proposed analysis for multimodal-aware recommendation.
First, we report on the adopted datasets, along with details about the extraction of
multimodal features. Then, we introduce and formalize the set of evaluation metrics
accounting for accuracy, novelty, and diversity of recommendation. Finally, we outline
the details about reproducibility for our work, by providing information about dataset

splitting and filtering strategies, and the hyper-parameter search.

Datasets

In our study, we conduct extended experiments on three popular review datasets from
the Amazon catalog [218] to better generalize the insight derived from our analysis.
The categories are: Office Products (Office), (b) Toys & Games (Toys), and (c)
Clothing, Shoes & Jewelry (Clothing). Each dataset consists of both visual and
textual modalities, where the former are made available by McAuley et al. [218].
Thus, in our analysis, we utilize the already pre-extracted 4,096-dimensional visual
features which are publicly available!. For the textual modality, by following [382],
we aggregate the item’s title, descriptions, categories, and brand, thereby generating
textual embeddings. In this regard, we leverage sentence transformers [257, 382],
acquiring 1,024-dimensional sentence embeddings. Additional dataset information can
be found in Table 7.7.

thttps://cseweb.ucsd.edu/~jmcauley /datasets /amazon /links.html.
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Table 7.1 Statistics of the tested datasets.

Datasets  |U| IZ| |R|  Sparsity (%)
Office 4,905 2,420 53,258 99.5513
Toys 19,412 11,924 167,597 99.9276

Clothing 39,387 23,033 278,677 99.9693

Evaluation metrics

Differently from the existing literature on multimodal-aware recommendation, we take
into account metrics measuring the accuracy (Recall, nDCG, Precision), along with
the novelty (EFD) and diversity (Gini and iCov) of recommendation.

Reproducibility

To ensure reproducibility, we provide detailed information about the dataset prepro-
cessing and splitting, models’ tuning and evaluation.

The datasets have been filtered following the p-core strategy with p =5. Then, we
split the dataset with 80%/20% train-test hold-out strategy. For the hyper-parameter
tuning phase, we remove the 50% of the test set and use it to validate the results on
Recall@20. For all models, we fix the maximum number of epochs to 200 and select the
model weights according to the epoch providing the best results on the validation set.

The complete set of hyper-parameters is reported in Table 7.2. The code for the
entire pipeline (which is implemented in Elliot [11]) can be found at this link https:
//github.com/sisinflab/MultiModal-Eval.

7.1.3 Results and discussion

In this section, we seek to answer the following research questions (i.e., RQs):

RQ1. What is the accuracy performance of multimodal-aware recommender systems

and is it aligned with the findings from the existing literature? We investigate

the recommendation performance in terms of accuracy (i.e., Recall, nDCG, and

Precision).

RQ2. What is the recommendation performance of such models in terms of novelty and

diversity of the produced lists of recommendation? We unveil important insights

in terms of novelty and diversity of recommendation (i.e., iCov, Gini, and EFD).
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Table 7.2 Set of explored and fixed hyper-parameters for our study.

Models Hyper-parameters Values
epochs 200

All batch_size 1024
seed 123

Ir  {le-2, le-3, le-4, 3e-5, le-5}

VBPR factors 64
comb__mod concat

L w {1le-5, 1le-2}

Ir  {le-2, le-3, le-4, 3e-5, le-5}

num__layers 3

factors 64

MMGCN factors_multimod (256, None)
aggregation mean

concatenation False

has__id True

latent__factors 64

L w {le-2, le-5}

Ir  {le-2, 1le-3, le-4, 3e-5, le-5}

num__layers 2

MGAT factors 64
factors_multimod (256, 100)

Ir  {le-2, 1le-3, le-4, 3e-5, le-5}

num__layers 2

num__routings 3

factors 64

GRCON factors__multimod 128
aggregation add

weight__mode confid

fusion__mode concat

Ir  {le-2, 5e-3, le-3, be-4, le-4}

n__layers 1

n_ui_layers 2

LATTICE top._k 2
Lm 0.7

factors__multim 64

Accuracy performance

The results of the accuracy metrics analysis is reported in Table 7.3. As a general
remark, we notice how the results are quite standard across the different datasets.

Overall, LATTICE is the best model, showing its superior performance across all
the datasets and the metrics, while VBPR is the second-to-best model. Surprisingly,
complex and recent approaches such as MMGCN, MGAT, and GRCN do not outperform
a shallow and classic model such as VBPR. Conversely, LATTICE’s results are aligned
with the findings from the literature.

From a dataset-wise analysis, the highest metrics-performance variation between
LATTICE and VBPR is observable for Toys and Clothing while it is limited in Office.
Indeed, we should point out that Toys and Clothing have three times and four times

the interactions of Office, respectively, but they are much sparser. This highlights
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Table 7.3 Accuracy results of the tested baselines when considering the top-10, top-20, and
top-50 recommendation lists. Boldface and underline stand for best and second-to-best
results on each dataset/metric pair, respectively.

Datasets Models k=10 k=20 k=50
Recall nDCG Prec Recall nDCG Prec Recall nDCG Prec
VBPR 0.0652 0.0419 0.0164 0.1025 0.0533 0.0133 0.1774 0.0721  0.0095

MMGCN  0.0455 0.0300 0.0124 0.0798 0.0405 0.0109 0.1575 0.0598  0.0084
Office MGAT 0.0427  0.0277 0.0119 0.0745 0.0377 0.0102 0.1450 0.0552  0.0079

GRCN 0.0393 0.0253 0.0118 0.0667 0.0339 0.0099 0.1250 0.0488  0.0075
LATTICE 0.0664 0.0449 0.0173 0.1029 0.0566 0.0137 0.1780 0.0751 0.0096
VBPR 0.0710  0.0458 0.0131 0.1006 0.0545 0.0096 0.1523 0.0667 0.0061
MMGCN  0.0256 0.0150 0.0052 0.0426  0.0200 0.0044 0.0785 0.0285 0.0033
Toys MGAT 0.0375 0.0230 0.0072  0.0595 0.0294 0.0059 0.1039 0.0398  0.0043
GRCN 0.0554  0.0354 0.0108 0.0831 0.0436 0.0083 0.1355 0.0559  0.0056
LATTICE 0.0805 0.0512 0.0148 0.1165 0.0617 0.0110 0.1771 0.0759 0.0069
VBPR 0.0339 0.0181 0.0034 0.0529 0.0229 0.0027 0.0847 0.0292 0.0017

MMGCN  0.0227 0.0119 0.0023 0.0348 0.0150 0.0018 0.0609 0.0201 0.0012
Clothing MGAT 0.0244 0.0127 0.0025 0.0384 0.0162 0.0019 0.0699 0.0225 0.0014
GRCN 0.0319 0.0164 0.0032 0.0496 0.0209 0.0025 0.0858 0.0281  0.0017
LATTICE 0.0502 0.0275 0.0051 0.0744 0.0336 0.0038 0.1186 0.0425 0.0024

how LATTICE manages to recommend more accurate items despite the high dataset
sparsity.

From a metric-wise analysis, LATTICE, compared to VBPR, correctly predicts
relevant items (i.e., high Recall) with a higher probability to be in a top positions of
the recommendation lists (i.e., nDCG). The same trend is not observable in the Recal-
1/Precision metric pair, but this is explainable considering that the latter formulation
is normalized as the number of recommended items increases. Thus, it can result in a
lower performance variation between LATTICE and VBPR at the increase of k.

From a model-wise analysis, we notice how MMGCN has better performance on

Toys while showing the lowest performance at the increase of interactions number and
sparsity. GRCN has an opposite trend compared to MMGCN, boosting its performance
with highly sparse data. MGAT performs in the middle of MMGCN and GRCN with
no remarkable note.
Summary. Accuracy results demonstrate that, with the only exception of LATTICE
(whose trend is almost aligned with the existing literature) all other approaches’ perfor-
mance is heavily influenced by the hyper-parameter exploration and dataset characteris-
tics. Indeed, even shallow models (e.q., VBPR) show competitive accuracy measures
compared to more recent and complex solutions (e.g., MMGCN, GRCN).
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Novelty /diversity performance

Table 7.4 summarizes the results of the novelty and diversity metrics analysis. Overall,
we observe that some trends are quite aligned with findings from the accuracy evaluation,
but also that some other ones show deviations which we carefully describe and explain.

On the one hand, in terms of recommendation novelty (i.e., EFD), we can see that
LATTICE is the best model, with VBPR being the second-to-best approach in each
dataset and for different settings of k. Indeed, this is a further demonstration on how
accuracy and novelty of recommendation may be highly correlated [14, 17, 18], also in
multimodal-aware recommendation.

On the other hand, when considering the diversity (i.e., Gini) and coverage (i.e.,
iCov) metrics, we notice some trends deviation to the accuracy performance. Specifically,
we see how GRCN is the best model in all settings. This suggests that this approach
may be (un)purposely giving up on the accuracy to promote a wider set of items from
the catalog, with a corresponding positive effect on the system serendipity. Indeed,
while its accuracy performance is not the best one, its diversity and coverage metrics
outperform all other models almost on every dataset, even reaching 100% of covered
items at k= 50. A much more impressive trend is recognizable for Gini, which is
higher than the second-to-best model. On a dataset level, it is worth pointing out that,
even with more sparse datasets, the GRCN constantly reaches a high iCov and Gini
measures. The second-to-best model in terms of diversity is VBPR. Notwithstanding
its high accuracy, VBPR settles once again as a compelling model.

Summary. While novelty results are almost aligned with the accuracy trends observed
in RQ1, the diversity/coverage measures depict a different scenario. In this respect,
GRCN seems to be the approach providing the most diversified item recommendations
but at the expense of the accuracy, while VBPR manages to reach a more balanced

performance among all metrics.

7.2 Multimodality and items’ popularity bias

The vast majority of multimodal-aware recommender systems (MRSs) are generally
based upon the famous matrix factorization with bayesian personalized ranking (MF-
BPR) recommendation model. On the one hand, matrix factorization [160] (MF) is a
latent-factor approach that maps users and items in the recommendation system to
embeddings in the latent space and is trained to reconstruct the user-item interaction
matrix via the dot product of the respective factors. On the other hand, bayesian

personalized ranking [258] (BPR) is an optimization schema that drives from the
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Table 7.4 Novelty and diversity results of the tested baselines when considering the top-
10, top-20, and top-50 recommendation lists. Boldface and underline stand for best and
second-to-best results on each dataset/metric pair, respectively.

Datasets Models k=10 k=20 k=50
EFD Gini iCov (%) EFD Gini iCov (%) EFD  Gini iCov (%)
VBPR 0.1753  0.3634 93.83 0.1479  0.396 10.23 0.1115 0.4413 99.59
MMGCN  0.1140 0.0128 3.07 0.1027  0.0231 4.64 0.0845  0.0546 10.23
Office MGAT 0.1079  0.0132 5.14 0.0963  0.0241 8.12 0.0792  0.0575 17.23

GRCN 0.1215 0.4587 99.01 0.1051 0.4892 99.79 0.0829 0.5286 100
LATTICE 0.1827 0.2128 87.86 0.1513  0.2652 95.90 0.1125 0.3414 99.30

VBPR 0.1948  0.2645 84.90 0.1527  0.3011 92.82 0.1051  0.3585 97.85
MMGCN  0.0648  0.0989 37.87 0.0570  0.1450 52.51 0.0455  0.2296 72.88
Toys MGAT 0.0929  0.1036 40.95 0.0796  0.1439 55.71 0.0612  0.2183 76.24

GRCN 0.1604 0.3954 92.66 0.1298 0.4329 97.73 0.0932  0.4864 99.73
LATTICE 0.2090 0.1656 73.80 0.1665 0.2026 86.58 0.1151 0.2662 95.94

VBPR 0.0502  0.2437 83.40 0.0413  0.2791 92.33 0.0291  0.3344 98.00
MMGCN  0.0292 0.0136 7.58 0.0240  0.0236 12.44 0.0182  0.0493 23.34
Clothing ~ MGAT 0.0315  0.0201 11.05 0.0263  0.0326 17.36 0.0205  0.0622 30.90
GRCN 0.0481 0.3990 93.37 0.0397 0.4368 97.77 0.0293 0.4929 99.73
LATTICE 0.0738 0.1022 58.49 0.0589 0.1384 76.20 0.0413 0.2037 93.23

assumption that, for each user, the predicted score of positive (i.e., interacted) and
negative (i.e., non-interacted) items should diverge. Given its simple implementation
and efficacy, MFBPR has long constituted the backbone of recommendation algorithms
in CF [126, 128, 216], not only for multimodal recommendation.

Nevertheless, recommender systems (such as MEBPR) may be affected by popularity
bias [3, 26, 39, 141] (Figure 7.1), as they tend to boost the recommendation of the
items from the short-head (i.e., the popular ones) at the expense of the items from
the long-tail (i.e., the niche ones). Tackling popularity bias in recommendation has
primarily followed four directions [58]: (i) regularization techniques [3, 68, 150], (ii)
adversarial learning [163], (iii) causal graphs [322, 387, 402], and (iv) other item
re-ranking approaches [1, 4].

Despite the growing interest in popularity bias [17, 75] and potential solutions to
address it, to date, very limited effort has been put into investigating how multimodal
stde information in MRSs could amplify the negative effects of popularity
bias. To the best of our knowledge, three recent works discussed the concept of bias
in multimodal-aware recommendation. First, Liu et al. [192] take into account the bias
towards a single modality in multimodal recommendation, and propose a solution based
upon causal inference and counterfactual reasoning; however, the definition they provide
about bias is conceptually different from the one of popularity bias. Then, Kowald
et al. [162] consider popularity bias in the case of multimedia recommendation datasets

(e.g., MovieLens); however, they do not support their findings by testing recommender
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Fig. 7.1 Short-head and long-tail items from the Office dataset in the Amazon catalog.

systems leveraging multimodal features as items’ side information. Last, Malitesta
et al. [206] investigate how novelty and diversity metrics are influenced in multimodal
recommendation, but without an analysis on the impact of each single modality.

Driven from the assumptions above, and differently from the related literature, we
propose one of the first analyses on how multimodal-aware recommender systems may
amplify popularity bias in the produced recommendation lists. To this aim, we select
four established and recent multimodal-aware recommender systems from the literature
(i.e., VBPR [125], MMGCN [339], GRCN [338], and LATTICE [382]) and train them
on three categories of the Amazon recommendation dataset [218] (i.e., Office, Toys,
and Clothing). Then, we evaluate the performance of the models by assessing metrics
accounting for recommendation accuracy and popularity bias (the latter is measured
through the diversity of recommendation lists and the percentage of retrieved items
from the long-tail). Finally, to tailor our investigation, we focus on the separate impact
of each multimodal side information (i.e., visual or textual) on popularity bias. To
conduct this further study, we train the selected recommender systems when integrating
either the visual or the textual modality as items’ side information, and study the
performance on single metrics and across pairs of metrics.

We seek to answer: RQ1. How do multimodal-aware recommendation models be-
have in terms of accuracy, diversity, and popularity bias? RQ2. What is the influence
of each modality (i.e., visual, textual, multimodal) on such performance measures?
Results widely show that the integration of a single modality (with respect to the mul-
timodal setting) is capable of amplifying the negative effects of popularity bias, paving
the way to additional, more formal investigations on multimodal recommendation. We
release the code at: https://github.com/sisinflab/MultiMod-Popularity- Bias.
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7.2.1 Popularity bias in recommendation

In recommendation, popularity bias refers to the system’s tendency to favor popular
items (i.e., short-head) at the expense of less popular ones (i.e., long-tail) [3, 26, 39, 43,
141]. For instance, Jannach et al. [141] conduct a comprehensive algorithmic comparison
across multiple datasets; their findings indicate that existing recommendation methods
tend to concentrate mainly on a small fraction of the available item spectrum. More
recently, Abdollahpouri et al. [4] delve into this issue using the well-known MovieLens
1M dataset and reveal that over 80% of all ratings are attributed to popular items;
their main focus lies in finding ways to strike a balance between ranking accuracy and
the coverage of long-tail items.

On such basis, the literature currently recognizes four main research directions [58]
to address popularity bias in recommendation, namely: (i) regularization techniques [3,
68, 150], (ii) adversarial learning [163], (iii) causal graphs [322, 387, 402], and (iv) other
approaches such as item re-ranking [1, 4].

In multimodal recommendation, only a few recent works discuss popularity bias, but
with specific definitions [192] and neglecting the impact of multimodal features [162],
or on other evaluation metrics [206]. Conversely, our analysis assesses how prone
multimodal-aware recommender systems are to push items belonging to the short-head

and how the different modalities affect the tendency to amplify the popularity bias.

7.2.2 Factorization models leveraging multimodal information

This section provides useful background notions for our proposed experimental analysis.
We present the formulations of four state-of-the-art multimodal-aware recommender
systems (MRSs): VBPR [125], MMGCN [339], GRCN [338], and LATTICE [382].
Before diving into their approaches, we introduce some additional formalism.

Besides e, and e;, hereafter referred to as collaborative user and item embeddings,
we also introduce f, and f; as the multimodal embeddings for user u and item <.
Moreover, we indicate M as the set of available modalities (e.g., visual, textual, audio),
and we use m as embedding’s apex to denote that the embedding refers to the m € M

modality (e.g., " stands for the m-th multimodal embedding of item 7).

VBPR

Visual-bayesian personalized ranking [125] (dubbed as VBPR) adopts visual features
extracted from product images as items’ side information in MFBPR. The authors

introduce, along with user and item collaborative embeddings, additional visual user
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and item embeddings, where the latter is obtained as the activation of the penultimate
layer from a pre-trained convolutional neural network. Then, the collaborative and
visual embeddings are used to measure a collaborative- and visual-aware prediction for
the interaction score and are eventually summed to obtain the final prediction score.
In this work, we follow [382] and adapt VBPR to multimodality by concatenating the

visual and textual item features to generate a unique multimodal representation:

Pui=e, e+, 1(f;) with fi= | £ (7.1)
meM

where ¢ is a projection function such that the latent dimensions of the multimodal user

and item embeddings match.

MMGCN

One of the first approaches leveraging the representational power of graph convolutional
networks (GCNs) with multimodal content is multimodal graph convolution network for
recommendation [339] (dubbed as MMGCN). By designing one GCN for each modality,
the model learns the different preferences users have towards each representation of
the items. Finally, to fuse all multimodal representations into one for both users and
items embeddings, the authors adopt the element-wise addition, and the predicted

interaction score is calculated via the dot product:

Tui :qu—fz with fu = Z C(eu,g(f5n>,t(f£n,eu))’ (72)
meM

where ¢ and g are a combination and GCN-based functions. We report only the

user-side formulation for the sake of space.

GRCN

Similarly to MMGCN, graph-refined convolutional network for multimedia recommen-
dation [338] (dubbed as GRCN) utilizes a GCN-architecture to update user and item
embeddings. Specifically, the adjacency matrix entries are refined by pruning the
noisy user-item interactions according to the preference of users toward each item’s
modality. Collaborative and multimodal versions of the user and item embeddings are

eventually combined through concatenation to estimate the interaction score via their



174 Chapter 7 Graph-based recommendation exploiting multimodal information

dot product:

Fui =1 £ with £, =g(e,,f™,Vme M)]|| ( | t(f;”)) . (7.3)
memM

Again, we report only the user-wise formulation for lack of space.

LATTICE

Latent structure mining method for multimodal recommendation [382] (dubbed as
LATTICE) performs graph structure learning on multiple modality-aware item-item
graphs (one for each modality). The obtained adjacency matrices are aggregated
through weighted element-wise addition, and the final adjacency matrix is exploited
to perform graph convolution to update the representation of the collaborative item
embeddings. Then, this updated version is added to the initial collaborative item
embedding. Finally, the dot product between the collaborative user and (updated)

item embeddings predicts the interaction score:

g<eiafzmvvm € M)

A~ T ;
xul eu 1 Wi ? eZ+ ||g(el,flrn,vaM)||27

(7.4)

where ¢ is a Light GCN [126] architecture performing graph structure learning.

7.2.3 Proposed analysis

In this section, we present the details to conduct our analysis. Initially, we report on the
used datasets, describing the methodologies employed for extracting multimodal fea-
tures. Subsequently, we introduce and formally define the evaluation metrics employed,
encompassing accuracy, diversity, and popularity bias. Finally, we provide a thorough
summary of the reproducibility information for our study, detailing the methods used

for dataset splitting and filtering as well as the strategy for hyperparameter search.

Datasets

The multimodal recommender systems have been tested on three popular [66, 155, 382,
407] datasets from the Amazon catalog [218]: Office Products (Office), (b) Toys &
Games (Toys), and (c) Clothing, Shoes & Jewelry (Clothing). The multimodal datasets

provide both images and descriptions for each available item. Specifically, we utilize the
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pre-extracted 4,096-dimensional visual features [82] which are made publicly available?.
For the textual modality, we follow the existing literature [382], which aggregates the
item’s title, descriptions, categories, and brand, thereby generating textual embeddings
by leveraging sentence transformers [256]. The generated features are 1,024-dimensional

embeddings. Additional dataset information can be found in Table 7.7.

Evaluation metrics

In the proposed study, we refer to various metrics that may bring out additional
insights which have not been investigated yet in multimodal recommendation. Indeed,
we do not solely rely on accuracy metrics (i.e., Recall and nDCG) but also on diversity
(i.e., iCov) and popularity bias (i.e., APLT) metrics. An ideal recommender system
should increase all the metrics listed above according to the principle “higher is better”
to boost accuracy and diversity while reducing the popularity bias of the produced
recommendations. Nevertheless, with the current work, we try to unveil whether and
why multimodal-aware recommender systems are affected by popularity bias. Thus, in
the following, we will take into account those settings in which accuracy is high, while

diversity and popularity bias are low (according to the metrics definitions).

Reproducibility

We investigate the models’ behavior in three different settings: (i) visual modality, in
which we employ only visual features, (ii) teztual modality, in which we employ only
textual features, and (iii) multimodal, where both modalities are combined.

In the first step, we evaluate the models in the multimodal setting which is the same
setting as the original one for each tested approach. Then, we focused on quantifying the
singular modality influence on the multimodal scenario in terms of accuracy, diversity,
and popularity bias. Furthermore, to ensure the reproducibility of our work, in the
following, we provide comprehensive details regarding the preprocessing and splitting
of the datasets, as well as the tuning and evaluation of the models.

The datasets are filtered using the p-core strategy, where we set p to 5. Subsequently,
we employ an 80%/20% train-test hold-out strategy to split the dataset. During the
hyper-parameter tuning phase, we further divide the test set by removing 50% of its
instances for the validation, specifically evaluating the results using the Recall@20

metric (as in the original work). In terms of models’ training, we set the maximum

2https://cseweb.ucsd.edu/~jmcauley/datasets /amazon /links.html.
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Table 7.5 Statistics of the tested datasets.

Datasets  |U| IZ| |R|  Sparsity (%)
Office 4,905 2,420 53,258 99.5513
Toys 19,412 11,924 167,597 99.9276

Clothing 39,387 23,033 278,677 99.9693

number of epochs to 200 and select the model weights based on the epoch that yields
the best performance on the validation set.

The code is implemented in Elliot [11]. Note that the explored hyper-parameter
values are not entirely aligned with the ones in the original papers and codes. Indeed,
we want to tune the selected baselines on an extensive, shared set of hyper-parameter

values across all models for the sake of fair comparison.

7.2.4 Results and discussion

In this section, we answer the following research questions (RQs):

RQ1. How do the selected multimodal-aware recommendation models behave in terms

of accuracy, diversity, and popularity bias? We investigate the recommendation

performance in terms of accuracy (i.e., Recall, nDCG), diversity (i.e., iCov), and
popularity bias (i.e., APLT). Note that, for the sake of completeness, we also
report the performance of a recommender system generating recommendations
in a random manner (i.e., Random) or based upon the most popular items in
the catalog (i.e., MostPop); then, we train and evaluate MFBPR, that is the
building model of the other multimodal baselines. We regard the performance of
Random, MostPop, and MFBPR as a reference for the other multimodal-aware

recommender systems we want to analyze.

RQ2. What is the influence of each modality setting (i.e., visual, textual, multimodal)

on such performance measures? We take a step further by analyzing how each

modality (i.e., visual, textual, and multimodal) influences accuracy, diversity,
and popularity bias; the evaluation is conducted both on the single metric and

across pairs of metrics.

Recommendation accuracy, diversity, and popularity bias

The results of the accuracy, diversity, and popularity bias metrics are reported in Ta-

ble 7.6. The measured values refer to top@10, top@20, and top@50 recommendation
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lists. In the following, we discuss the obtained results considering the three metrics
families separately.

Accuracy. Overall, LATTICE is the top-performing model, in alignment with the
recent literature [382]. Indeed, its ability to learn more refined items’ embeddings
based upon the multimodal item-item similarities may positively impact the accuracy
performance. Conversely, VBPR’s outstanding performance to the other multimodal
approaches comes as quite a surprise, considering that more complex and recent models
leveraging GNNs (such as MMGCN and GRCN) do not outperform it.

Considering the performance on a dataset level, the most significant variation in
metrics between LATTICE and VBPR is observed on Toys and Clothing, while the
difference is reduced on Office. Notably, Toys and Clothing store three and four times
more interactions than Office, respectively, but they are much sparser. This emphasizes
LATTICE’s ability to recommend more accurate items despite the higher dataset
sparsity. Assessing the other models’ performance, MMGCN works exceptionally well
on Toys but shows the lowest performance as the number of interactions and sparsity
increase. GRCN, in contrast, excels with highly sparse data, exhibiting an opposite
trend to MMGOCN.

From a metric-wise analysis, LATTICE outperforms VBPR in correctly predicting

relevant items (high Recall) that are more likely to appear at the top of the recommen-
dation lists (nDCG). However, the same trend is not as evident on the Recall, partly
due to its normalization w.r.t. the k recommended items, which can lead to a smaller
difference between LATTICE and VBPR as k increases.
Diversity. As far as recommendation diversity (i.e., iCov) is concerned, the worst-
performing model is MMGCN, since its iCov is, in any case, negatively out of scale
compared to the other models. For instance, when taking into account Office, MMGCN’s
iCov is slightly better than MostPop (whose item diversity is, by construction, the
lowest) demonstrating a restricted ability to engage diverse items in the recommendation
lists. Unexpectedly, the second-worst model is LATTICE, even if its performance is
still more balanced to the other approaches than MMGCN’s one. Indeed, we observe
that while MMGCN is affected by poor accuracy due to the lack of item diversity,
LATTICE can deal with both accuracy and diversity.

As an opposite (but noteworthy) trend, we underline that VBPR and GRCN
are generally capable of recommending a wider portion of items than MMGCN and
LATTICE, independently on the selected top-k. Overall, their iCov values are quite
comparable to the ones of Random, which should provide (by definition) the highest
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Table 7.6 Results in terms of recommendation accuracy (Recall, nDCG), diversity (iCov) and
popularity bias (APLT). For accuracy metrics, T means better performance, while | means
less diversity and more popularity bias. We remind that, while iCov and APLT metrics
would generally adhere to the principle of “higher is better” (1) for an ideal recommender
system, in this work we consider the opposite as we want to emphasize which models are
performing worst in terms of diversity and popularity bias.

top@10 top@20 top@50
Recallf nDCG?T iCov] APLT| Recallf nDCG? iCov) APLT| Recallf nDCG? iCov] APLT]
Random 0.0034 0.0020 2,414 0.5950  0.0079 0.0034 2,414 0.5948  0.0220 0.0068 2,414 0.5924

Datasets Models

MostPop 0.0302 0.0208 20 0.0000  0.0533 0.0282 32 0.0000  0.1143 0.0439 66 0.0000
MFBPR 0.0602 0.0389 2,268  0.2294  0.0955 0.0500 2,357 0.2379  0.1657 0.0677 2,398 0.2513
Office VBPR 0.0652 0.0419 2,265  0.2321 0.1025 0.0533 2,354 0.2375  0.1774 0.0721 2,404 0.2469
MMGCN 0.0455 0.0300 74 0.0016  0.0798 0.0405 112 0.0078  0.1575 0.0598 247 0.0205
GRCN 0.0393 0.0253 2,390 0.3438  0.0667 0.0339 2,409  0.3469  0.1250 0.0488 2,414 0.3548

LATTICE 0.0664 0.0449 2,121  0.1752  0.1029 0.0566 2,315 0.2039 0.1780 0.0751 2,397 0.2413
Random 0.0011 0.0006 11,879  0.4894 0.0021 0.0008 11,879  0.4896 0.0051 0.0015 11,879  0.4902

MostPop 0.0130 0.0075 13 0.0000 0.0229 0.0104 24 0.0000 0.0451 0.0156 56 0.0000
MFBPR 0.0641 0.0403 10,016  0.1167 0.0903 0.0481 10,944 0.1268 0.1394 0.0596 11,544  0.1460
Toys VBPR 0.0710 0.0458 10,085  0.1064 0.1006 0.0545 11,026  0.1180 0.1523 0.0667 11,624  0.1400
MMGCN 0.0256 0.0150 4,499 0.0961 0.0426 0.0200 6,238 0.1058 0.0785 0.0285 8,657 0.1263
GRCN 0.0554 0.0354 11,007  0.2368 0.0831 0.0436 11,609  0.2482 0.1355 0.0559 11,847  0.2679

LATTICE 0.0805 0.0512 8,767 0.0546 0.1165 0.0617 10,285 0.0684 0.1771 0.0759 11,397 0.0950
Random 0.0004 0.0002 23,016 0.4487  0.0010 0.0003 23,016  0.4478 0.0024 0.0006 23,016  0.4482

MostPop 0.0089 0.0046 13 0.0000  0.0157 0.0063 24 0.0000  0.0322 0.0095 56 0.0000
MFBPR 0.0303 0.0156 18,414  0.0729  0.0459 0.0195 20,582 0.0824  0.0734 0.0249 22,171  0.1017
Clothing ~ VBPR 0.0339 0.0181 19,195 0.0809  0.0529 0.0229 21,251 0.0915  0.0847 0.0292 22,555 0.1112
MMGCN 0.0227 0.0119 1,744 0.0044 0.0348 0.0150 2,864 0.0066  0.0609 0.0201 5,373 0.0121
GRCN 0.0319 0.0164 21,490 0.2358  0.0496 0.0209 22,503 0.2459  0.0858 0.0281 22,954  0.2631

LATTICE 0.0502 0.0275 13,463 0.0134 0.0744 0.0336 17,538 0.0207 0.1186 0.0425 21,458 0.0385

item coverage from the catalog. We intend to further investigate (and justify) this
aspect by assessing the effects of popularity bias.
Popularity bias. In terms of popularity bias (i.e., APLT), the worst and second-worst
models are once again MMGCN and LATTICE (the former on Office and Clothing,
while the latter on Toys). As already discussed, it makes sense to conceptually bind
iCov and APLT. When assessing MMGCN'’s performance on Office, it becomes clear
how the model is recommending only a few items (see again the iCov) while achieving
good results in terms of accuracy; this demonstrates how the user-item interactions
from Office may likely be biased towards popular items, and the phenomenon is even
amplified due to the dataset small size. The same does not hold on Clothing where
MMGCN, usually prone to popularity bias, gets also really low performance in terms
of accuracy. Conversely, LATTICE can recommend popular items thus pushing its
accuracy performance without amplifying the popularity bias phenomenon as much
as MMGOCN does. Indeed, even if LATTICE’s iCov is the second-worst across all the
datasets, the metric is always close to the best models in terms of diversity.

Finally, VBPR and GRCN confirm their ability (already observed on the diversity
measure) to tackle also popularity bias in all experimental settings. Particularly, while
we recognize that VBPR performance is slightly increased with respect to MFBPR
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in terms of iCov and APLT (the two approaches are almost similar), GRCN results
are quite remarkable. It might be the case that its graph edges pruning technique
(driven by multimodal signals) is reducing the influence of noisy user-item interactions
(i.e., redundant edges which might involve popular items), thus helping to diversify the
recommendations by considering also several long-tail items.

Summary. In a standard multimodal setting, LATTICFE stands out for its accuracy

performance and ability to handle dataset sparsity, but at the detriment of amplifying

popularity bias; MMGCN struggles with diversity, exhibits strong popularity bias, and

sacrifices accuracy in certain scenarios; VBPR and GRCN, in different manners, better

manage all the metrics by finding the right compromise among them.

Modalities influence on recommendation performance

While the previous section has answered how multimodal recommender systems perform
in terms of accuracy, diversity, and popularity bias when leveraging the full modalities,
in the following, we discuss the influence of each single modality on the performance.
We consider two evaluation dimensions where modalities influence is assessed (i) on
accuracy, diversity, and popularity bias separately, and (ii) on pairs of metrics to
investigate their joint variations.
Modalities influence on the single metric. Figure 7.2 displays the influence
of each modality calculated as percentage variation with respect to the multimodal
baseline, on the top@20 recommendation lists. We select the Recall (Figure 7.2a), iCov
(Figure 7.2b), and APLT (Figure 7.2¢) for accuracy, diversity, and popularity bias.
As regards the accuracy performance (Figure 7.2a), we notice how the trend is not
consistent across all the datasets and models. Particularly, when considering Office,
we observe that only VBPR and LATTICE fully exploit multimodality (indeed, their
performance decreases when the modalities are injected separately); on an opposite
level, on MMGCN;, the visual modality slightly improves the multimodal setting, while
the textual modality even worsens it; then, GRCN achieves better performance on
both the visual and textual modalities, suggesting that this approach may not take
advantage of the multimodal configuration. On the Toys dataset, the only textual
setting generally improves the performance, bringing important information to the
model learning interaction. The model benefiting from the single modality the most is
MMGCN, which has an improvement of at least 20% on both visual and textual. For
the remaining models, the trend is quite stable with the textual and visual modalities
improving and reducing the performance, respectively. Finally, we observe that Clothing

is the only dataset showing consistent trends. Indeed, the visual modality reduces
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Fig. 7.2 Percentage variation on the (a) Recall, (b) iCov, and (¢) APLT when training the
multimodal recommender systems with either visual or textual modalities. The 0% line
stands for the reference performance provided by the multimodal version of the model. All
results refer to the top@20 recommendation lists.

the Recall while the textual increases it (with the only exception of VBPR whose
percentage variation is negligible).

Differently from the accuracy analysis, we recognize a quasi-stable trend in the
performance variation measured for the diversity metric (Figure 7.2b). Considering

the Office dataset, each modality’s contribution is generally irrelevant except for
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MMGCN;, for which the visual modality slightly improves the coverage across the whole
recommendation list, while the textual one worsens the performance by a large margin.
Assessing the trend on Toys, both the modalities decrease the coverage performance
of the model when injected separately in the recommendation pipeline; remarkably,
MMGCN is once again the model affected by the single modality presence the most,
but this time the coverage performance widely deteriorates because of both the visual
and textual modalities. Finally, on Clothing, both modalities lower the model’s item
coverage, with specific reference to the visual modality.

As the last part of our analysis, we take into account each modality’s contribution
to the popularity bias dimension (Figure 7.2c). Starting from Office, we notice how
both modalities are prone to enforce popularity bias if injected singularly, with the only
exception of LATTICE whose textual modality limits the popularity bias (the APLT
increases); this is interesting as we remind that LATTICE is the second-worst model
in terms of popularity bias, but using only the textual modality reduces its accuracy
performance and the influence of popular items in the recommendation list. When
it comes to the Toys dataset, every single modality enforces the popularity bias of
MMGCN and GRCN; for VBPR, the visual and textual modalities amplify and reduce
the bias, respectively, while for LATTICE both the visual and textual modalities limit
the popularity bias. Finally, on Clothing, both the modalities show to increase the
popularity bias of the model (but the textual one on VBPR and LATTICE).
Modalities cross-influence on metrics pairs. To conclude, we discuss the cross-
influence of each modality setting (i.e., visual, textual, and multimodal) on pairs of
metrics. In this respect, we decide to display (Figure 7.3) the joint trend of (a) accuracy
and popularity bias (i.e., Recall vs. APLT), (b) accuracy and diversity (i.e., Recall vs.
iCov), and (c) diversity and popularity bias (i.e., iCov vs. APLT). We only report the
results on Clothing for top@20 recommendations.

In detail, VBPR and MMGCN are the models being affected by each specific
modality the least, since the performance measures assessed on visual and textual
are generally aligned with the multimodal reference. Regarding LATTICE, we notice
that the textual modality has a major accuracy influence with respect to popularity
bias and diversity. Indeed, the textual modality improves the Recall without having
a relevant effect in terms of iCov and APLT; conversely, the visual modality reduces
the accuracy by jointly worsening the diversity and the popularity bias. Finally, when
considering GRCN, we observe that the multimodal setting reduces the popularity bias

without affecting the accuracy and diversity.
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Fig. 7.3 Performance analysis on Clothing when comparing (a) Recall vs. APLT, (b) Recall
vs. iCov, and (c) iCov vs. APLT for different modality settings involving the ,
visual, and modalities. Metrics are on top@20.

Summary. In a single modality setting, the textual one improves the accuracy, while

both modalities negatively affect the diversity and reinforce the popularity bias. When

evaluating the modalities’ influence across metrics pairs, the textual modality has a

significant influence on accuracy but minimal effects on diversity and popularity bias;

conversely, the visual modality reduces accuracy and jointly worsens the popularity bias

and diversity.

7.3 A comprehensive benchmarking within Elliot

After a separate evaluation of multimodal-aware recommender systems under accuracy,
novelty, diversity, and popularity bias measures, we devote this section of the chapter
to a comprehensive analysis across all recommendation metrics, with an extensive set of
datasets and models. Specifically, we benchmark six state-of-the-art multimedia recom-
mendation approaches (i.e., VBPR [125], MMGCN [339], GRCN [338], LATTICE [382],
BM3 [407], and FREEDOM [406]). In the following, we report on the datasets we
used, the technical aspects of the multimodal-aware recommender systems involved,
the evaluation metrics we adopted (spanning both accuracy and beyond-accuracy
recommendation metrics), the reproducibility details of our framework, and the results

of the benchmarking analysis.



7.3 A comprehensive benchmarking within Elliot 183

Table 7.7 Statistics of the tested datasets.

Datasets  |U| IZ| |IR|  Sparsity (%)
Office 4905 2420 53258 99.55%
Toys 19,412 11,924 167,597 99.93%

Beauty 22,363 12,101 198,502 99.93%
Sports 35,598 18,357 296,337 99.95%
Clothing 39,387 23,033 278,677 99.97%

7.3.1 Datasets

For the benchmarking, we use five popular [66, 155, 382, 407] datasets which collect
the purchase history from five product categories of the Amazon catalog [124, 218],
namely, Office Products (i.e., Office), Toys & Games (i.e., Toys), All Beauty (i.e.,
Beauty), Sports & Outdoors (i.e., Sports), and Clothing Shoes & Jewelry (i.e., Clothing).
Besides containing the records of user-product interactions with timestamps and other
metadata, such datasets come with the visual features extracted from the product
images, stored as 4,096-dimensional embeddings which are publicly available at the
same URL of the datasets®. Conversely, in terms of textual modality, we adopt the same
procedure indicated in [382], and concatenate the item’s title, descriptions, categories,
and brand, to extract the 1,024-dimensional textual embeddings through sentence

transformers [256]. Overall dataset information can be found in Table 7.7.

7.3.2 Multimedia recommender systems

We decide to benchmark the results of six state-of-the-art multimedia recommender
systems, namely, VBPR, [125], MMGCN [339], GRCN [338], LATTICE [382], BM3 [407],
and FREEDOM [406]. Such approaches represent a group of techniques that are widely
recognized in the related literature as strong baselines in multimedia recommendation
exploiting multimodality, as well as recently proposed solutions at top-tier conferences
(Table 7.8). In the following, we only focus on BM3 and FREEDOM, as the other
multimodal-aware recommendation systems have been widely presented in previous
sections of this chapter. Note that, by adding BM3 and FREEDOM to the set
of benchmarked baselines, we provide an extensive analysis on five state-of-the-art

graph-based approaches leveraging multimodal content.

Shttps://cseweb.ucsd.edu/~jmcauley /datasets/amazon /links. html.
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Table 7.8 An overview on the selected multimedia recommender systems, along with their
publication venue and year, and a non-exhaustive set of papers where they are used as
baselines.

Models Year Venue Baseline in

VBPR [125] 2016 AAAI (66, 69, 181, 187, 305, 382]
MMGCN [339] 2019 MM 293, 320, 336, 337, 380, 407]
GRCN [338] 2020 MM [170, 186, 187, 336, 382, 407]
LATTICE [382] 2021 MM [155, 223, 336, 383, 407]
BM3 [407] 2023 WWW [180, 372, 404]
FREEDOM [406] 2023 MM [404]

BM3

Bootstrapped multimodal model [407], indicated as BM3, proposes a self-supervised
multimodal technique for recommendation. Different from previous approaches using
computationally expensive augmentations, BM3 leverages dropout as a simple operation
for generating contrastive views of the same embeddings. In detail, the loss function
consists of three components, where a reconstruction loss minimizes the similarity
between the contrastive views of user and item embeddings, while an inter- and intra-
modality alignment loss works to minimize the distance between the contrastive views

generated for the same or different modalities.

FREEDOM

The authors from [406] demonstrate that freezing the item-item multimodal similarity
graph (derived from LATTICE) and denoising the user-item graph can lead to improved
recommendation performance (the proposed model is named FREEDOM). As for the
denoising operation of the user-item graph, the authors propose a degree-sensitive edge
pruning to remove noisy edges from the user-item adjacency matrix. Moreover, and
differently from LATTICE, the model optimizes a double BPR-like loss function, where
the first component of the loss integrates a multimodal-enhanced representation of the
item embedding, while the second component explicitly leverages the item projected

multimodal features.

7.3.3 Evaluation metrics

To conduct the benchmarking analysis, we measure the recommendation performance

through accuracy and beyond-accuracy metrics. For the recommendation accuracy,
we consider the Recall@k and the nDCGQE; for the novelty [311] and diversity [295],
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we measure the EFD@k and the Gini@Qk, respectively; for the popularity bias [3], we
calculate the APTLQE; finally, as a general index of how recommendations cover the

entire catalog of products, we adopt the iCov@Qk.

7.3.4 Reproducibility

First, we pre-process the datasets following the 5-core filtering on users and items to
remove cold-start users and items as done in [382]. Second, we split them according to
the 80:20 hold-out strategy for the training and test sets, where the former and the
latter contain the 80% and the 20% of interactions recorded for each user, respectively.
Then, we decide to train the recommendation models so that the number of epochs
(i.e., 200) and the batch size (i.e., 1024) are the same for all of them to ensure fair
comparison. As for the other models’ hyper-parameters, we follow a grid search
strategy with 10 explorations comprising both the learning rate and the regularization
coefficients and fix the remaining (model-specific) hyper-parameters to the best values
according to the original papers and/or codes. Finally, to select the best configuration
for each model and dataset, we remove the 50% of the test set for the validation set
(following again [382]), and select the hyper-parameter setting providing the highest
Recall@20 value on the validation data measured for a specific epoch (maximum
200 epochs). To foster the reproducibility of the proposed benchmarks, we provide
the codes, datasets, and configuration files to replicate our results at: https://github.
com/sisinflab/Formal-MultiMod-Rec, where we integrated the selected multimedia

recommender systems into Elliot [11].

7.3.5 Benchmarking results

Table 7.9 reports on the results of the extensive benchmarking analysis we conduct on
the selected datasets and state-of-the-art multimedia recommendation systems. The
calculated metrics involve both accuracy (i.e., Recall and nDCG) and beyond-accuracy
(i.e., EFD, Gini, APLT, and iCov) measures when considering top@10 and top@20
recommendation lists. Based on how we defined all the recommendation metrics, higher
values indicate better performance.

In terms of accuracy performance, we observe that one of LATTICE, BM3, and
FREEDOM is steadily among the two best recommendation models, which is something
that also emerges from the related literature. This holds across all datasets and top@k
under analysis. Nevertheless, we notice an interesting trend when considering VBPR.

Indeed, we observe how this model is quite always among the top-3 recommendation
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techniques despite being one of the shallowest approaches compared to other more
recent and complex models. As already stated in recent works [206, 207], this finding
demonstrates how even a not-so-deep, but still careful hyper-parameter exploration
(such as the one we performed) may help uncover unexpected results with respect to
what described in the literature.

However, the most surprising behavior involves the analysis of the beyond-
accuracy performance. While several works depict the most recent approaches in
multimedia recommendation (i.e., LATTICE, BM3, and FREEDOM) as dominating
the accuracy level, the same does not hold for other metrics accounting for novelty,
diversity, and popularity bias. Indeed, the only observable trend in this setting is
that GRCN and VBPR steadily settle as best-performing algorithms. Particularly, it
is worth pointing out how both approaches can strike a sufficient trade-off between
accuracy and beyond-accuracy measures, where VBPR can even reach quite high
performance on beyond-accuracy without giving up on accuracy that much. Once
again, such observations corroborate what has recently been pointed out in similar
works [206, 207], by extending the analysis to additional datasets and multimedia

recommendation systems.

7.4 Leveraging textual review content on graph

edges for recommendation

The message-passing pattern, as used in graph-based recommendation, may still present
some limitations despite being successful. An argument could be made that not all
user-item interactions (i.e., graph edges) have the same relative importance. To clarify
this, consider the motivating scenario in Figure 7.4, where we depict a subset of users
and items from a real-world e-commerce platform (i.e., the Amazon catalog) and
enrich their interactions with ratings and reviews. Both user w; and ug interacted
with item 71, thus inferring that they might share similar interests and preferences.
However, careful analysis of the corresponding reviews reveals that their opinions
about item 1 are opposite (the expressed ratings are 5 and 2, respectively). Following
a similar reasoning schema, users u; and ug have both interacted with item io but their
comments, while being generally similar (the item is rated 3 and 5, respectively), show
slight shades of disagreement (i.e., uj is not completely satisfied with the belt size).
As the message-passing pattern works by indiscriminately aggregating the neighbor

nodes at multiple hops, the node representation of u; is ultimately influenced by the
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Table 7.9 Benchmarking results on selected datasets and state-of-the-art multimedia recom-
mender systems. The reported values refer to accuracy and beyond-accuracy recommendation
metrics, on top@10 and top@20 recommendation lists. For each metric-dataset pair, boldface
and underline indicate best and second-to-best values.

top@10 top@20

Datasets Models Accuracy Beyond-accuracy Accuracy Beyond-accuracy
Recall nDCG EFD Gini APLT iCov Recall nDCG EFD Gini APLT iCov
VBPR 0.0652  0.0419 0.1753 0.3634 0.2321  93.83% 0.1025 0.0533 0.1479 0.3960 0.2375  97.51%
MMGCN 0.0455  0.0300  0.1140 0.0128  0.0016 3.07% 0.0798  0.0405 0.1027  0.0231  0.0078 4.64%
Office GRCN 0.0393  0.0253 0.1215 0.4587 0.3438 99.01% 0.0667 0.0339 0.1051 0.4892 0.3469 99.79%
LATTICE 0.0664 0.0449 0.1827 0.2128 0.1752  87.86% 0.1029 0.0566 0.1513  0.2652 0.2039  95.90%
BM3 0.0701 0.0460 0.1837 0.1407 0.1427  77.13% 0.1081 0.0583 0.1550 0.1900 0.1715  91.55%
FREEDOM 0.0560 0.0365 0.1493  0.1922  0.1875  79.12% 0.0884  0.0469 0.1282 0.2439  0.2080  90.64%
VBPR 0.0710  0.0458 0.1948 0.2645 0.1064 84.90% 0.1006 0.0545 0.1527 0.3011 0.1180  92.82%
MMGCN 0.0256  0.0150  0.0648 0.0989 0.0961  37.87% 0.0426  0.0200 0.0570 0.1450 0.1058  52.51%
Toys GRCN 0.0554 0.0354 0.1604 0.3954 0.2368 92.66% 0.0831 0.0436 0.12908 0.4329 0.2482 97.73%
LATTICE 0.0805 0.0512 0.2090 0.1656  0.0546  73.80% 0.1165 0.0617 0.1665 0.2026  0.0684  86.58%
BM3 0.0613  0.0393 0.1582 0.0776  0.0486  56.23% 0.0901  0.0478 0.1270  0.1154 0.0658  73.50%
FREEDOM 0.0870 0.0548 0.2284 0.1474 0.0756  62.09% 0.1249 0.0660 0.1820 0.2007 0.0951  78.42%
VBPR 0.0760  0.0483  0.2119 0.2076 0.0833  83.06% 0.1102 0.0586 0.1700 0.2376 0.0915  91.41%
MMGCN 0.0496  0.0294 0.1300 0.0252 0.0282  13.75% 0.0772  0.0379  0.1105 0.0423 0.0345  21.37%
Beauty GRCN 0.0575  0.0370  0.1817 0.3823 0.2497 94.59% 0.0892 0.0466 0.1498 0.4178 0.2608 98.56%
LATTICE  0.0867 0.0544 0.2272 0.1153 0.0386  65.82% 0.1259  0.0661 0.1830 0.1558 0.0511  81.60%
BM3 0.0713  0.0443  0.1831 0.0245 0.0179  32.31% 0.1051  0.0545 0.1490 0.0414 0.0228  48.75%
FREEDOM 0.0864 0.0539 0.2279 0.0921 0.0486  55.89% 0.1286 0.0666 0.1868 0.1359 0.0653  72.96%
VBPR 0.0450  0.0281  0.1167 0.1501 0.0497 75.77% 0.0677 0.0349 0.0949 0.1722 0.0552  86.54%
MMGCN 0.0342  0.0207 0.0791  0.0095  0.0046 5.10% 0.0551  0.0269 0.0678 0.0168  0.0065 8.39%
Sports GRCN 0.0330  0.0202 0.0885 0.3087 0.2190 91.28% 0.0523 0.0259 0.0746 0.3386 0.2273 97.09%
LATTICE  0.0610 0.0372 0.1465 0.0573 0.0129  48.44% 0.0898  0.0456 0.1185 0.0802 0.0185  64.90%
BM3 0.0548  0.0349 0.1372  0.0776  0.0283  59.13% 0.0825 0.0430 0.1118 0.1120 0.0385  76.75%
FREEDOM 0.0603 0.0375 0.1494 0.0621 0.0319 48.37% 0.0911 0.0465 0.1219 0.0926 0.0442  65.81%
VBPR 0.0339  0.0181  0.0502 0.2437 0.0809  83.40% 0.0529  0.0229 0.0413 0.2791 0.0915  92.33%
MMGCN 0.0227  0.0119  0.0292 0.0136  0.0044 7.58% 0.0348  0.0150  0.0240 0.0236  0.0066  12.44%
Clothing GRCN 0.0319 0.0164 0.0481 0.3990 0.2358 93.37% 0.0496 0.0209 0.0397 0.4368 0.2459 97.77%
LATTICE 0.0502 0.0275 0.0738 0.1022 0.0134  58.49% 0.0744 0.0336 0.0589 0.1384 0.0207  76.20%
BM3 0.0418  0.0226  0.0596  0.1348  0.0319  72.88% 0.0633  0.0281 0.0486 0.1825 0.0449  88.65%

FREEDOM 0.0547 0.0294 0.0805 0.1509 0.0600 65.54% 0.0822 0.0363 0.0652 0.2078 0.0843  81.91%

representations of both us and ug after two propagation hops. In the long term, such
behavior may lead to what we could define as a node representation error.
Weighting the importance of neighborhood while aggregating the incoming mes-
sages into the ego node is among the prominent solutions to the abovementioned
issue. Following the same direction path in [313], other popular and recent works in
recommendation such as [328, 330, 351, 384| leverage attention mechanisms (i.e., a
neural network) to perform the weighting procedure. Even if these models have widely
demonstrated to provide superior accuracy recommendation performance, they are still
affected by oversmoothing, the phenomenon according to which node embedded rep-
resentations tend to get closer and closer in the latent space after multiple propagation
hops, thus flattening the existing differences in the neighborhood [54, 405]. For this
reason, attention-based approaches usually propagate messages for only one or two

hops, but this does not help access wider portions of the user-item graph.
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In this respect, we believe attention-based techniques generally disregard other
potential sources of information (e.g., users’ generated reviews) whose contribution
may positively impact the neighborhood weighting process. Opinions and comments
about interacted items constitute the basis on which like-minded users gather on
online platforms, as they promote the discovery of novel and diverse items from
the catalog. In the last part of this chapter, we first formally define the problem
of nodes’ representation error in graph collaborative filtering. After that, we show
how existing weighting techniques (such as attention mechanisms) may alleviate the
described issue at the expense of limiting the hop exploration depth to reduce the effect
of oversmoothing. Thus, to address such drawback, we propose a lighter-weighting
procedure that exploits the informative content extracted from reviews (i.e., opinions
and comments about interacted items) to enhance graph edge representation. Such
edge-enriched features are eventually used to derive the similarity between the ego
node and its neighbors, which we re-interpret as the importance of the neighbor node
on the ego node. Our proposed weighting procedure is applied to a GCN acting as
the correction to another traditional (but error-affected) GCN. We call our solution
EGCF, which stands for Edge Graph Collaborative Filtering.

After formalizing the theoretical basis for EGCF and its rationale, we assess its
efficacy on three popular product categories from the Amazon catalog [228]. Given
their similar intuitions and rationale to EGCF, we compare the method with four
families of CF-based recommendation, i.e., traditional, review-based [62, 286], and
graph-based approaches (both leveraging attention mechanisms and not). We seek to

answer these research questions about our proposed approach:

« RQ1. Can the correction to the node error representation help EGCF produce

more accurate recommendations than state-of-the-art baselines?

« RQ2. Considering the high impact that novel and diverse recommendation lists
may have on both users and companies, how effective is EGCF when evaluated

on beyond-accuracy metrics, given its strategy for neighborhood exploration?

« RQ3. What is the effect of changing the hop exploration number on recom-
mendation performance, and how can we justify such behaviors for the adopted

architecture?

The extensive experimental evaluation shows that the correction to the node
representation error and the possibility of propagating messages across multiple hops

permits EGCF to outperform state-of-the-art baselines on accuracy and beyond-
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Fig. 7.4 A subset of users, items, and reviews users wrote about items, along with the
expressed ratings (in the range 1-5). Despite being connected to the same items, users ui-us,
and users u1-u3 do not share similar opinions about the interacted items.

accuracy metrics. Finally, the study on the hop propagation number proves the

soundness of our proposed architectural configuration.

7.4.1 Review-based recommendation

Reviews convey a rich source of information to access users’ multi-faceted opinions about
interacted items. For this reason, several existing works propose to extract valuable
knowledge from them to produce better-tailored recommendations [62, 286]. Among the
pioneer works, Wang et al. [318] adopt a stacked denoising autoencoder to approximate
the user-item rating matrix starting from textual reviews, Almahairi et al. [9] introduce
two neural network-based approaches built upon bag-of-words and recurrent neural
networks, and Kim et al. [154] present convolutional matrix factorization (ConvMF),
where a convolutional neural network is merged with probabilistic MF to learn the
context of review documents.

Reviews are textual documents composed of words, which may further be grouped
into sentences. To exploit such hierarchical structure, Zheng et al. [399] design a
convolutional neural network on top of a factorization machine prediction model to
extract from review’s words a unique embedded representation for users and items.
The adoption of attention mechanisms may help refine each review component’s
importance on the recommendation profile of users and items. In this respect, Liu et al.
[183] improve the previous approach by weighting the importance of convolutionally-
embedded reviews for both users and items for the sake of explanation. Similarly, Lu
et al. [196] learn users’ and items’ attention features by exploring different review
components such as words, sentences, and topics via a GRU-based network, while Liu
et al. [183] (based upon the solution described in [184]) augment users’ and items’
collaborative latent factors through features extracted from their generated ratings
and reviews. Wang et al. [323] leverage common review properties (e.g., how helpful

the reviews were for other users) to assess its importance on users and items.
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Only recently, very few works have injected the informative content of reviews into
graph-based networks for recommendation. Wu et al. [340] propose a model named
reviews meet graphs (RMG), a multi-view framework that learns users’ and items’
representation by considering the word- and sentence-level of reviews and exploring two
hops of the user-item graphs to access also user-user and item-item relations. Gao et al.
[101] present a three-structured architecture that catches the short- and long-term user
preferences and item features, along with the collaborative information encoded in the
bipartite user-item graph. Shi et al. [279] introduce a dual GCN model, where one
extracts and propagates review aspects, and the other reuses the aspect for the graph.

Despite addressing recommendation through different strategies, the presented
algorithms generally work by grouping reviews on both users and items profiles but,
in fact, limiting the exploration of users and items neighbors at one hop (i.e., the
nearest neighborhood). Conversely, our proposed approach exploits reviews as edge side
information to describe user-item interactions and propagate their informative content
at multiple hops to overcome theoretical issues in the way graph-based recommender

systems are usually designed (see later).

7.4.2 Methodology

The section presents and motivates our proposed method, Edge Graph Collaborative
Filtering (EGCF). We highlight a potentially critical issue in the message-passing
schema for graph-based recommendation. Even if weighting the importance of each
neighbor node may alleviate the problem, we discuss the insights and propose an

enhanced application of the importance weighting.

Notation and preliminaries

Inspired by popular approaches [158], current graph-based recommender systems refine
users’ and items’ node embeddings by exploring their multi-hop interconnections
represented in the graph. Let u and ¢ be the nodes for a user and an item to be
updated (i.e., the ego nodes), and let N (u) and N (i) be the sets of nodes at one hop
from w and i, respectively (i.e., their neighborhood). The ego node embeddings e, and

e; are updated by aggregating their neighborhoods (i.e., messages):

ol

w({e;,Vie N(u)})
el = ({ew,Yu e N(i)})

1

(7.5)
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(1)

where e’ and e

(1)

hop, while w(+) indicates the aggregation function. This message-passing pattern may

are the refined embedding versions of user u and item ¢ after one

be iterated L times, thus exploring wider and wider neighborhoods of the ego nodes.

After two hops, the refined embeddings of user v and item i are:

e?) = <{e§1),‘v’i C N(u)})
eZ@) =w ({eg),Vu € N(z)})

A limitation in the message-passing

The user formulation in Equation (7.6) can be expanded through Equation (7.5):

el?) = ({w ({eu/,Vu/ e N(i)\ {u}}) Vi e N(u)}) (7.7)

What emerges is that, by propagating messages at two hops, the node embedding of
user u is eventually refined through the contributions from other users who interacted
with the same items as u. In other words, after two hops, each user profile is
influenced by the profiles of other users who rated the same items.

Indeed, this assumption is aligned with the rationale behind collaborative filtering,
i.e., similar users are likely to interact with the same items. However, not all user-item
interactions (i.e., graph edges) may be equally important to the users and items involved.
Thus, indiscriminately aggregating neighbor node embeddings into the ego node could,
after multiple hops, harm the node updating process by bringing all contributions from
the neighborhood, even the noisy ones. We interpret this as a node representation
error, propagating with the exploration hops in the graph.

For this reason, contributions coming from each neighbor node are usually weighted

before aggregating them into the ego nodes, modifying the presented formula:

el —w(al {w({all ew

v € N(i)\ {u}}) Vie N@)}) 7

O]
j—k
after [ hops. These weights are generally calculated by means of attention mechanisms,

where « stands for the importance that the neighbor node j has on the ego node &

and depend on the embeddings of the neighbor and the ego nodes they refer to, e.g.,
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o = <p<e(.l_1),e,(€l_1)>, where ¢(+,-) is a neural network:

j—k J
© (2)
ol —w( p(el” el {eo({Blewreew, (7.9)

vu' € N(i)\ {u}}> Vi€ N(u)})

that is, eq(f) depends on ([J) the importance each neighbor item node i has on the ego
user node u after one hop, and (A) the importance all users interacting with the same

items as u have on their items. Note that ((J) may be further expanded:

gp(egl),egl)> = go(w({ozfj)_,ieu/,‘v’u' e N(i)\ {u}}),
w({ag}Luei/,Vi/ e N'(u)\ {i}}))

= o (w({pteweew. v e N\ fu}}), o
w({gp(ei/,eu)ei/,W' e N(w)\ {z’}}))
When merging Equation (7.9) and Equation (7.10):
(=) (D)
Pewe) Heved
ool (e, o

vu' € N(i)\ {u}}> Vi€ N(u)})

The node embedding for user u after two hops depends on ([J) the importance of all
users interacting with the same items as u on those items, and (A) the importance of
all items interacted by u on user u. In other words, weighting the importance of each
neighbor node on the ego node before the aggregation allows, after two propagation
hops, to calculate to what extent each user profile is influenced by the profiles
of the other users who rated the same items. Without loss of generality, a

similar consideration could be made after a number of hops greater than two.
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Enhancing neighborhood weighting through reviews

As known, graph-based models in machine learning are affected by oversmoothing [54,
405]. This phenomenon leads node embeddings, after multiple propagation hops,
to become closer and closer in their representation in the latent space, eventually
flattening their existing differences. As this behavior would profoundly weaken models’
performance, exploration of the neighborhood generally tends to be constrained to
very few hops (e.g., a maximum of two hops in attention-based weighting). However,
in recommendation scenarios, limiting the exploration of the user-item
bipartite graph may represent an inconsistency to the idea of collaborative
filtering, where users are connected to share preferences and tastes for similar items.

Under this assumption, we believe the neighborhood weighting process could be
further enhanced by exploiting other sources of information that are not usually
taken into account. In the majority of popular online platforms for e-commerce (e.g.,
Amazon), reviews are fundamental tools to share opinions and comments about
interacted items, as they convey the multi-faceted aspects that drove a user to interact
with an item. Leveraging such side information on the connections existing among
users and items in the bipartite graph (i.e., graph edges) can improve the learning of
the importance weights by reducing the oversmoothing effect because each user/item
node embedding is conditioned on the opinion conveyed by the review.

Let Wy = {w1,wa,...,wr} be the set of R words that compose the review written
by user u about item 7. After an initial tokenization step, the sets of tokens for W,;
is defined as Ty; = {t1,t2,...,t7}. Tokens are mapped to word embeddings, which are
injected into an opinion-based model pretrained to predict the rating expressed by the
user through specific terms in the review. While the output model carries the single
information about the predicted review score, the activation of a hidden layer would
unveil a richer source of textual features (i.e., an embedding) which drove the opinion-
based model to predict that score. High-level features extracted from pretrained deep
learning models can boost the recommendation performance of recommender systems
leveraging items’ side information (e.g., visual-based recommender systems [83, 125]).
We deem these textual features to deserve a pivotal role in this weighting process.

Let ry; € R be the textual embedding extracted from the review of user u about
item ¢ through the pretrained opinion-based model. First, we project r,; € Rf to the

same latent space as e, € R? and e; € R? with a one-layer neural network:

pui = LeakyReLU (Wry; + b) (7.12)
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where pui € R? is the projected review embedding, while W € Rf*? and b € R?
are the projection matrix and the bias, respectively. We seek to retain only those
textual features of review r,; which can be significant to later calculate the
interdependence between this embedding and user/item ones.

Then, we propose to enhance the neighborhood weighting procedure at hop [ by
conditioning the importance weights also on the projected embedding of the review
connecting user v and item ¢. For instance, the importance of the neighbor item node

1 on the ego user node u after [ hops is calculated as:

aggu = (ez(-ll),eg_l),pm) (7.13)

Note that, since p,; cannot increase the impact of the oversmoothing effect
(because it is not dependent on the hop /), its usage in the importance
weight formula becomes even more beneficial. Let us focus on the weighting
function ¢(-,-,-). Many approaches from the literature propose to leverage attention
mechanisms, usually implemented as a neural network trained in the downstream task
to predict the importance of the neighbor node on the ego node. In our solution, we
opt for a simplified and lightweight formulation that seeks to calculate the similarity
between the neighbor and the ego nodes, conditioned on the opinion embedding
of the review connecting them. Specifically:

(@)

Qi = COS (egl_l) Opuirel VO pm) (7.14)

where ® is the element-wise multiplication, and cos(,-) is the cosine similarity. Note
that we suppress negative similarities to zero as such weights are usually non-negative.
Multiplying both node embeddings by the review opinion embedding provides the
interplay between each node feature and the opinion features, thus producing a
modified version of the node representation that conveys a richer source of
information. No trainable projection weight is learned in the presented formulation

since the contribution of the review embedding is meaningful enough.

A double message-passing schema

The proposed neighborhood weighting procedure can help correct the representation
error generated in the traditional message-passing schema. However, the idea is not to
completely replace it, as several recent works from the literature have demonstrated

its efficacy, especially in producing accurate recommendations [126]. The proposed
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approach involves a double message-passing schema, where two graph models are
trained to refine their own user/item node representations. While the first one
aggregates the contributions coming from the neighbor nodes into the ego nodes by
weighting the neighborhood importance on the ego node statically, the second one
aggregates the neighborhood’s messages which are also weighted through the opinion
embeddings from reviews.

We define the two graph convolutional networks as GCN, (error-affected) and GCN,
(correction) and assign the node embeddings e, to GCN, and the node embeddings c
to GCN,. As for the aggregation function, in both cases, we sum the weighted messages
coming from the neighbor nodes. As such, the update of the user node embedding u

after [ hops is calculated as:
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Note that «;_,, is static and only depends on the topology of the bipartite graph,
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while o, varies along with the exploration hop and depends on the embeddings of

ego/neighbor nodes, and the opinion review embedding. After L propagation hops,

the final embedding representation is obtained as:

gy & g
Cu=D) o7 & =) 1€
-l l l_ol—l—l
L L (7.16)
. = 0 & = (1)
=y el G-yt
R R 1+l

where we apply the scaling factor 1/(1+1) to further alleviate the oversmoothing
problem. A schematic overview of the node refining algorithm proposed for EGCF is
displayed in Figure 7.5.

Given the learned error-affected and correction embeddings from above, EGCF

predicts if a user u may interact with item ¢ through the following formulation:

Ry= &®,8 + ¢, (7.17)
—— N——
error-affected correction



196 Chapter 7 Graph-based recommendation exploiting multimodal information

(a) (b)
Fig. 7.5 Overview of the node refining algorithm proposed for EGCF. A statically-weighted
GCN network affected by node representation error (a) is corrected through another GCN
network (b), where an opinion-based embedding is extracted from each review as edge side
information to weight the importance of the neighbor nodes on their ego nodes.

Thus, we apply the error correction to the user/item embedding representation only
when predicting the user/item interaction. We optimize EGCF with the state-of-the-art
Bayesian Personalized Ranking. (BPR) [258].

7.4.3 Experiments and discussion
Experimental setup

Datasets. We use three popular [66, 332] datasets from Amazon’s Baby, Boys & Girls,
and Men categories [228] which contain historical user-item interactions and reviews.
We retain only interactions with non-empty reviews, then keep the 20k and 10k most
popular items for Baby and Boys & Girls/Men, respectively. Finally, we apply the 5-
and 15-core on items and users on Baby/Boys & Girls and Men, respectively. Statistics
are in Table 7.10.

Baselines. We compare our approach with eight state-of-the-art models spanning
several families: (i) traditional CF (BPRMF [258] and MultiVAE [177]); (ii) review-
based CF (ConvMF [154] and RMG [340]); (iii) graph-based CF (NGCF [325] and
Light GCN [126]); (iv) graph-based CF with attention (GAT [313] and DGCF [328]).
Reproducibility. We adopt the temporal leave-one-out to split the datasets, where

the last two recorded interactions are included in the validation and test. We tune
hyper-parameters with [33] and follow the baselines papers, and fix the batch size
to 256 and epochs to 400. As for EGCF, we extract review embeddings through a
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Table 7.10 Statistics of the tested datasets.

Average
Datasets #Users | #Items | #Interactions | Density | interactions
per user
Baby 4,669 5,435 29,214 0.00115 6.3
Boys & Girls | 8,806 4,165 57,928 0.00158 6.6
Men 3,218 7,605 60,299 0.00246 18.7

popular pre-trained model*. Datasets and codes are publicly available®. All models
are implemented in Elliot [11].

Evaluation protocol. We measure the model accuracy by adopting the recall
(Recall@k), the normalized discounted cumulative gain (nDCG@kE), and the average
recall (AR) [126, 328]. Additionally, considering the influence of novel and diverse
recommendation lists [310, 311] on both user’s and business’s interests, we also assess
beyond-accuracy metrics such as the expected popularity complement (EPC@QFk) and
the expected free discovery (EFD@E), along with indices measuring concentration and
coverage, i.e., the 1’s complement of the Gini (Gini@k), the Shannon entropy (SEQE),
and the item coverage (iCov@k). Specifically, the EPCQk and the EFDQ¥k refer to
long-tail items and stand for the expected number of recommended unknown items
which are also relevant, and the expected number of recommended known items which
are also relevant, respectively. Furthermore, the GiniQk and the SEQE are used to
assess items’ distributional inequality, i.e., how unequally a recommender system shows
different items to users, and the iCov@Qk quantifies the number of items that the model

recommends. For all metrics, higher values mean better performance.

Results and discussion

Recommendation accuracy. Table 7.11 reports the results for accuracy measures on
the top-10 recommendation lists. Surprisingly, the sole introduction of reviews does not
seem to produce a consistent accuracy boost. For instance, the strongest review-based
method (i.e., RMG) surpasses BPRMF only for the nDCG and the AR on Baby (i.e.,
0.0911 vs. 0.0785 and 0.1059 vs. 0.0980, respectively). Contrarily, adopting a graph
model can increase the accuracy to traditional CF. When comparing Light GCN with
MultiVAE, which obtain the best performance in their respective recommendation
families, we observe that the former improves, on Baby, the Recall of 7% and the AR

4Please refer to our GitHub repository.

https://github.com/sisinflab/Edge-Graph-Collaborative-Filtering.
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of 9%. However, the observed difference even reverts on Men for the nDCG and the
AR. The application of attention mechanisms to weight the importance of neighbor
nodes is rewarded in Baby and Boys & Girls, where GAT always outperforms NGCF,
reaching reARkable results such as the Recall on Baby (i.e., 0.1595 vs. 0.1411) and
the AR on Boys & Girls (i.e., 0.1846 vs. 0.1783). Disentangling users’ intents on
interacted items (i.e., DGCF) produces even more accurate recommendations to NGCF
on all datasets. Nevertheless, Light GCN always performs better than DGCF apart
from very few cases (i.e., nDCG and AR on Men), even though DGCF’s calculated
accuracy values do not substantially differ from Light GCN’s ones (e.g., see the AR on
Baby). Noticeably, the proposed model (i.e., EGCF) outperforms the other baselines
under all settings and datasets, with near 100% statistical hypothesis tests (i.e., paired
t-test) showing that the results significantly differ. This finding further motivates
the goodness of the solution. While we observe a substantial accuracy improvement
in traditional and review-based approaches (e.g., +12% to MultiVAE for the AR on
Boys & Girls and +53% to RMG for the Recall on Baby), introducing an additional
GCN-like network guided by users’ reviews is even more beneficial to correct the
representation error observable in unweighted graph approaches. Particularly, results
show that such correction may lead to small accuracy improvements in some cases
(e.g., see the Recall on Boys & Girls when correcting Light GCN) but also larger ones
in other cases (e.g., see the nDCG on Men when correcting Light GCN). Such outcomes

suggest that while keeping the error-affected contribution in the final prediction formula

is useful to preserve the superior performance of graph-based models to traditional and

review-based approaches, the introduced correction term is useful to gain even more

accurate preference predictions than unweighted graph architectures.

Recommendation novelty and diversity. We also assess how novel and di-
verse recommendation lists are. The two novelty metrics in Table 7.12 (i.e., the
EPCQFkandthe EF DQXk, left side) are discussed with concentration and coverage indices
(i.e., the GiniQk,theSEQk, and the iCov@Qk, right side) as in an ideal recommender
system, a loosely concentrated and large set of recommended items should equally
span different ranges of popularity. As previously observed, EGCF is again the best or
second-to-best technique. While NGCF is not as capable as Light GCN of proposing
long-tail items on Boys & Girls (e.g., 0.2510 vs. 0.3012 for the EFD), the former
surpasses the latter for the concentration indices on the same dataset (e.g., 10.5595
vs. 10.1586 for the SE). Since NGCF adopts an ego-neighbor interaction component,
the concentration of explored and recommended near items gets loose. Moreover,

neighborhood weighting leads to recommend items from the long tail (e.g., comparing
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Table 7.11 Accuracy metrics, i.e., Recall, nDCG, and AR, for top-10 lists. Best value is in
bold, while second-to-best is underlined.

Models Baby Boys & Girls Men
Recall nDCG AR Recall nDCG AR Recall nDCG AR
MostPop 0.0940 0.0520 0.0627 0.1195 0.0647 0.0776 0.0702 0.0590 0.0672

BPRMF 0.1377 0.0785 0.0980  0.1821 0.1446 0.1666 0.1662 0.1314 0.1527
MultiVAE 0.1768 0.1262 0.1455 0.2224 0.1695 0.1990 0.2091 0.1656 0.1898

ConvMF 0.1230 0.0647 0.0800  0.1146 0.0831 0.0972 0.0838 0.0524 0.0584

RMG 0.1272 0.0911 0.1059  0.1512 0.1065 0.1325 0.1067 0.0727 0.0867
NGCF 0.1411 0.0916 0.1092  0.2006 0.1523 0.1783 0.1969 0.1461 0.1722
Light GCN 0.1892 0.1362 0.1590  0.2305 0.1743 0.2054 0.2124 0.1605 0.1882
GAT 0.1595 0.1051 0.1233  0.2069 0.1573 0.1846 0.1695 0.1254 0.1476
DGCF 0.1874 0.1352 0.1558  0.2249 0.1716 0.2023 0.2070 0.1554 0.1823

EGCF 0.1944* 0.1402* 0.1623* 0.2325 0.1792* 0.2089* 0.2195* 0.1703* 0.1988*
*statistically significant differences (p-value < 0.05).

GAT with NGCF, we observe a +17% for the EFD on Baby). However, such a finding
is not consistent with the trend recognized for the concentration and coverage indices
(e.g., when comparing Light GCN with DGCF, we notice 0.1304 vs. 0.2051 for the
Gini on Men), as the neighborhood weighting procedure comes at the expense of a
limited hop exploration, not allowing such models to explore wider catalog portions.
Conversely, injecting user-generated reviews brings new informative content (e.g., RMG
recommends a broader and less concentrated range of items from the catalog than
DGCF on the Baby dataset). Finally, weighting the neighborhood importance and
exploring long-distant user-item interactions through reviews-enriched content (i.e.,
EGCF) allows to retrieve larger portions of heterogeneous items (e.g., EGCF outper-
forms Light GCN for the Gini by +63% on Baby and DGCF for the SE by +7% on
Boys & Girls), without retaining less popular items from the long-tail (observing the
same models, +3% for the EPC on Baby and +6% for the EFD on Boys & Girls).

Such outcomes demonstrate that the content enrichment brought by the extracted review

features (injected into the representation error correction) allows to explore user-item

interactions at multiple hops, leading to more heterogeneous recommendation lists which

also include items from the long-tail.
Effect of hop exploration number. Figure 7.6 displays, for EGCF, the Recall@k

and EFD@F performance variation on top-10 recommendation lists when exploring

a number of hops in the range 1-4, where even numbers stand for same node type
connections (e.g., user-user), while odd numbers refer to opposite node type connections
(i.e., user-item). As evident from the histograms of Baby and Boys & Girls, the Recall@k

consistently increases from 1 to 4 hops (this is why we adopt four hop explorations
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Table 7.12 Calculated novelty metrics, i.e., EPC and EFD, on the left side, and diversity
indices, i.e., Gini, SE, and iCov, on the right side, for top-10 lists. Best value is in bold,
while second-to-best is underlined.

Models Baby Boys & Girls Men Models Baby Boys & Girls Men
EPC EFD EPC EFD EPC EFD Gini SE iCov Gini SE iCov Gini SE iCov
MostPop 0.0108 0.0728 0.0135 0.0913 0.0112 0.0904 MostPop 0.0018  3.5313 18 0.0023 3.5724 18 0.0015 3.9332 32
BPRMF 0.0164 0.1153 0.0306 0.2282 0.0259 0.2167 BPRMF 0.0019  3.7819 40 0.0031 4.0921 203 0.0037 5.2991 192
MultiVAE 0.0268 0.2088 0.0360 0.2874 0.0333 0.2912 MultiVAE ~ 0.2139 9.9160 4,143 0.2671  10.2463 3,824  0.1085 9.8988 3,014
ConvMF 0.0135 0.0930 0.0174 0.1219 0.0102 0.0857 ConvMF 0.0018  3.5933 18 0.0030 3.9745 220 0.0029 4.6783 265
RMG 0.0193 0.1488 0.0226 0.1787 0.0144 0.1226 RMG 0.1059 9.4892 2,130  0.1567 9.7193 2,538 0.1146  10.0344 2,549
NGCF 0.0194 0.1463 0.0323 0.2510 0.0292 0.2531 NGCF 0.0948 88700 2,641 0.3031 10.5595 3,668 0.1749 10.7116 3,651
LightGCN 0.0289 0.2271 0.0371 0.3012 0.0323 0.2856 LightGCN  0.1405  9.3105 3,417 0.2398 10.1586 3,647 0.2051 10.8815 4,384
GAT 0.0223 0.1708 0.0334 0.2616 0.0248 0.2106 GAT 0.1370  9.2024 3,102 0.2496  10.2821 3,449  0.1235 9.7802 3,530
DGCF 0.0287 0.2228 0.0365 0.2945 0.0311 0.2734 DGCF 0.0673 83193 2,325 0.1800 9.7617 3,208 0.1304 10.2011 3,378
EGCF 0.0298*% 0.2359* 0.0382* 0.3120* 0.0343* 0.3066* EGCF 0.2294 9.8535 4,490 0.3037 10.4545 4,030 0.2208 10.8876 4,920
*statistically significant differences (p-value < 0.05) Statistical significance is not reported since it is calculated only on user level.
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Fig. 7.6 Recommendation performance of EGCF, i.e., Recall@QFk (histogram bars in teal blue)
and EFDQE (histogram bars in lime green), on top-10 recommendation lists, when varying
the number of explored hops from 1 to 4.

for EGCF on those datasets). The same trend is not observable for Men, where two
explored hops seem to provide the highest accuracy boost, motivating the adoption of
2 hop explorations for EGCF on the same dataset. Such behavior could be due to the
average number of users’ interacted items in Men (approximately 19, see Table 7.10).
The node refining probably does not require a broad exploration of its neighborhood.
As for the EFD@E, the Baby and the Men datasets seem to agree on two exploration
hops to produce the most diverse item lists of recommendations because they leverage
(as previously recalled) user-user and item-item interconnections (and similarities). The
trend is also aligned with the Boys & Girls dataset, where user-user and item-item links
are exploited even at a higher depth (i.e., four exploration hops). The emerged insights

shed light on two main contributions: (i) with the modified neighborhood weighting

process, which makes use of reviews to enhance the informative content carried by

user-item interactions, EGCF is less limited in the hop exploration, thus providing

more accurate recommendations, and (ii) user-user and item-item connections are the

keystones on which building more diverse item recommendation lists.
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7.5 Summary

Bringing the lessons-learned from the previous chapters of this thesis, in this chapter,
multimodal-aware and graph-based recommender systems were exploited to leverage
multimodal information on graph neural networks for recommendation. By exploiting
the same experimental and evaluation paradigms already introduced, an initial explo-
ration of the performance of (graph-based) recommender systems using multimodal
content was conducted on an extensive set of beyond-accuracy metrics measuring the
novelty and diversity of recommendation lists, along with the possible amplification
of the negative effects of popularity bias due to the presence of each modality. In
this respect, a benchmarking framework for multimodal-aware recommendation was
integrated into Elliot to foster the future reproducibility of the performed analysis. In
terms of accuracy, the observed results demonstrated how a careful hyper-parameter
exploration can lead shallow multimodal approaches (e.g., VBPR) to be competitive
to more recent solutions; on the contrary, other recent techniques such as LATTICE
show to be consistently outperforming the other baselines (as reported in the related
literature). When measuring novelty, diversity, and popularity bias in recommendation,
GRCN appeared to be a strong baseline for the diversification of the recommendation
lists, but VBPR was the solution reaching the most balanced trade-off. A finer-grained
evaluation when separately injecting visual and textual modalities showed how such
settings can improve the accuracy but negatively impact the diversity and popularity
bias; moreover, a complementary investigation regarding the modalities’ influence on
metrics pairs outlined that the textual modality has a considerable impact on accuracy
but little effect on diversity and popularity bias, whereas the visual modality reduces
accuracy while exacerbating popularity bias and limiting the diversity. Conclusively, a
new recommendation technique named Edge Graph Collaborative Filtering (ECGF)
was designed and implemented. Indeed, by discussing how existing similar solutions are
not effectively exploiting (multimodal) features on graph edges in recommendation, we
decided to adopt textual features extracted from users’ generated reviews as meaningful
attributes of graph edges. Specifically, EGCF mitigated the initial issues outlined in
the beginning of the thesis; as a positive side effect, EGCF showed the potential to
address other algorithmical problems regarding, for instance, over-smoothing in graph
neural networks. Results on a number of datasets from the Amazon catalogue, against
state-of-the-art review-based recommender systems, confirmed the goodness of the
proposed approach on numerous evaluation dimensions considering beyond-accuracy

performance and the effect of layer exploration during the message passing.
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The current chapter concludes the presentation of results for this thesis. The next
chapter will provide key summarizations of the main presented findings from this

thesis.



Chapter 8
Conclusion

In the beginning of this thesis work, we outlined two of the most debated open research
challenges in personalized recommendation, namely: (i) the inexplicable nature of
users’ preferences, especially when they are expressed in the form of implicit feedback;
(ii) the effective exploitation of the collaborative signal in collaborative filtering-based
recommender systems. Recent recommendation approaches leveraging multimodal deep
learning and graph neural networks have shown the potential to address, in a different
manner, either the (i) or (ii) issues. Bulding on these two research directions, we decided
to provide our contributions to study, formalize, analyze, and address such macro-
challenges along with their intrinsic micro-challenges. Indeed, the previous four chapters
widely presented the main outcomes of this thesis, showing the research contributions
of the Ph.D. candidate, Daniele Malitesta; the aim of this thesis was to eventually
combine the lessons-learned in multimodal-aware and graph-based recommendation
to build novel recommendation approaches leveraging the representational power of
graph and multimodal learning.

While the outcomes of this thesis were clearly reported in the final “Summary”
section of each chapter, in the following, we decide to summarize in a more cohesive

manner the key contributions to provide the “bigger picture” behind our work.

Multimodal-aware recommendation. To begin with, Chapter 4 raised the urge to
re-formulate the task of multimedia recommendation under the lens of multimodal deep
learning. By recognizing the recurrent strategy patterns from the existing literature, the
goal was to design a unified formal multimodal schema for multimedia recommendation.
The schema was later conceptually validated on specific tasks and scenarios involving

multimedia recommendation, opening to further research questions regarding: (i)
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missing modalities in multimodal recommendation, (ii) pre-trained feature extractors,
and (iii) modalities representation.

Then, in Chapter 5, we formally evaluated and provided solutions to the (ii) and
(iii) issues, leaving (i) as future work. Specifically, the discussion was tailored to the
single scenario of visually-aware recommender systems. Starting from the proposal
of a unified framework for the extraction of multimodal features in recommendation,
named Ducho, and an extension especially aimed to the reproducibility of visual-
based recommender systems, namely, V-Elliot, the two were eventually exploited to
benchmark the performance of visually-aware recommender systems with different
state-of-the-art convolutional neural network approaches to extract visual features.
The evaluation challenges raised from such an analysis were addressed by considering
two scenarios and tasks in visually-aware recommendation: fashion recommendation
and adversarial attacks/defenses against visually-aware recommender systems. As for
the former, a novel approach was proposed with the objective to disentangle the users’
preferences at the granularity of content-style properties of fashion items, outperforming
other recommendation baselines in the literature on a number of recommendation
accuracy and beyond-accuracy metrics. As for the latter, an in-depth study on the
effects of adversarially-attacked product images for visual-based recommendation, along
with defensive countermeasures, demonstrated how visual attacks may be perceived by

the human customer on e-commerce platforms.

Graph-based recommendation. With Chapter 6, we put our focus on the second
main topic of this thesis work, namely, graph-based recommender systems. Indeed,
the chapter was devoted to a formal introduction and evaluation of strategies and
techniques for this family of recommendation algorithms. Similarly to what was
done for visually-aware recommendation, the chapter begun with the proposal of a
framework, built as an extension of Elliot, for the reproducibile and rigorous evaluation
of state-of-the-art graph-based recommender systems. The framework was used as a
useful tool to perform a comprehensive reproducibility analysis on recommendation
systems using graph neural networks, by underlining interesting findings regarding
the possible influence of dataset characteristics (in the form of node degree) on the
performance of such models. The analysis was extended to topological properties of the
user-item bipartite and undirected graphs; this confirmed the strong influence of such
dataset characteristics on recommendation performance, and unveiled how the latent-
factor strategy may be the dominating component of any graph-based recommender
system, providing a novel perspective on graph collaborative filtering. Finally, by

recognizing node representation and neighborhood exploration as the core strategies
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underlying any graph-based recommender system, we decided to explore them on
accuracy and beyond-accuracy metrics, in single- and multi-objective experimental
settings. Results underlined that user-user and item-item message-passing explorations
may be beneficial to meet accuracy/beyond-accuracy trade-offs, while we also noticed
how implicit message-passing in recent approaches could be harmful to the consumer-

provider fairness scenario.

Graph-based recommendation leveraging multimodal information. Finally,
in Chapter 7, multimodal-aware and graph-based recommendation were eventually
combined into a unique recommendation framework. First, an investigating analysis
of the accuracy/beyond-accuracy performance of graph-based approaches leveraging
multimodal information was conducted through an extensive benchmark in Elliot.
Results demonstrated that, differenlty from what stated in the literature, careful hyper-
parameter explorations can bring some shallow multimodal approaches (e.g., VBPR)
to be competitive with recent solutions; moreover, finer-grained evaluations proved the
negative effects on performance of the considered modalities when injected separately.
On such bases, a novel approach named Edge Graph Collaborative Filtering (ECGF)
was proposed. Through the exploitation of textual features of users’ generated reviews
on graph edges (something that is rarely seen in the related literature) the model was
capable of outperforming existing solutions on accuracy and beyond-accuracy metrics,
while tackling other algorithmic problems regarding, for instance, over-smoothing in

graph neural networks.

Towards future work. As a final statement, we believe the proposed thesis represents
just the beginning of a longer and increasingly-interesting research path. Despite the
numerous conducted analyses and proposals presented in this work, other research
questions and open challenges naturally aroused. That is why we intentionally decided
not to report the possible future work of the thesis in this chapter. Indeed, several
initial research directions and ideas have been formalized and tested over the last few
months before the submission of the thesis; their preliminary outcomes will be presented
in the next (and last) chapter, following the same thematic structure provided in this
chapter. As a disclaimer, we want to state that it is likely most of these ideas will not
be working when further explored and investigated. However, if even the 1% of those

should provide at least interesting insights, that would be consider as a true success.






Chapter 9
Future directions

This last chapter outlines ideas and/or initial experimental analyses that have been
conducted over the last few months before (and during) the writing of the thesis. To
better organize the narrative, we decide to group the following paragraphs into three
main sections, which are aligned with the three main research paths of this thesis:
(i) multimodal-aware recommendation, (ii) graph-based recommendation, and (iii)

graph-based recommendation leveraging multimodal information.

9.1 Multimodal-aware recommendation

9.1.1 Domain-specific multimodal features

Given the limitations imposed by the adoption of pre-trained multimodal features (see
again Section 4.5.2), we wish to underline the benefits of domain-specific features in the
multimodal schema we have outlined. Extracting such high-level features from input
data would entail injecting meaningful and task-aware informative content into the
recommendation system, thereby better-profiling items and users on the platform to
generate more tailored recommendations. Domain-specific features should necessitate
domain-specific extraction models, which may have been previously trained and opti-
mized on similar tasks to the one we are pursuing. Regarding fashion recommendation,
for instance, we recall the work by [105], a pre-trained architecture for the comprehen-
sive visual analysis of clothing photos. Another example is the food recommendation
system proposed by [357], which analyzes food-related photos.

Furthermore, in the field of audio and text understanding and classification, Choi

et al. [73] construct a deep model based on convolutional recurrent neural networks for
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music tagging by taking into account songs’ local features and temporal characteristics,

whereas the work in [30] tackles sentiment analysis in user-generated tweets.

9.1.2 Multimodality on user-item interactions

Multimodality is the most intuitive approach to describe the nature of items in
multimedia recommendation [86, 87], but this does not hold for the users’ profile.

First, from a technical point of view, profiling each user through multimodal features
(e.g., her voice, her visual appearance) would require sophisticated technologies that
users’ digital devices could not necessarily support (e.g., smartphones). Second, from
a practical point of view, it is likely that users would not be disposed to share such
personal data on online platforms, primarily for privacy concerns. Despite the raised
critical aspects, a few examples from the literature [305, 339] propose to model the user
profile in such a way that her preferences toward each multimodal aspect of items are
made explicit and learned during model’s training. However, these systems rely solely
on the multimodal profiles of the items, disregarding alternative information sources.
Product reviews, which express opinions and comments about items that have been
clicked, watched, or purchased, could be a valuable tool for revealing users’ nuanced
preferences toward each item in the recommendation system.

Existing review-based approaches [323, 399] work by integrating reviews as the
textual modality to represent items. However, we believe that a more logical and
effective way to integrate reviews would be to view them as a medium to represent
user preference over items, thereby providing additional and complementary preference
scores in addition to numeric ratings or implicit feedback that are typically used
to compute recommendations. Such reasoning may be easily generalized to include
user-generated data regarding interacting things (such as images or videos of delivered
products), which we can characterize as multimodal feedback (see Figure 9.1). When
compared to numerical feedback, which tends to be atomic (single-faceted), multimodal
feedback could be considered as composite, revealing nuance and the user’s multi-faceted

opinion of the products [19].

9.1.3 Fine-grained multimodal features

Multimodality is a way to effectively profile the multi-faceted aspects of items and
users’ preference (e.g., I bought this smartphone because its technical description is
quite exhaustive and its display amazes me; I like this song since I love the music and

the lyrics). Nevertheless, analyzing and learning users’ tastes at modalities’ granularity



9.1 Multimodal-aware recommendation 209

-
7]
USER
video -
[ ) reviews E
photos

textual

reviews ONLINE
h'- PLATFORM

MULTIMODAL
FEEDBACK
INTERACTED
ITEMS

Fig. 9.1 An example of how users generate and upload multimodal feedback about interacted
items (e.g., textual reviews, product photos, or even video reviews) on online platforms. Such
user-item sources of information may be suitably exploited to better profile user’ preferences.

might not be enough to uncover all aspects underlying every user-item interaction.
In contexts where modalities bring a great source of heterogeneous information, a
finer-grained feature processing could help better unveil hidden facets. For instance,
when it comes to the recommendation of fashion items (e.g., dresses, shoes, jewelry),
user attention may be captivated by specific item visual characteristics, such as colors,
shapes, and particular patterns and motifs [83]. Similarly, a song involves several
features [178] (i.e., pitch, rhythm, and dynamics), which could differently influence users’
attitudes towards it. Uncovering and understanding details at this finer granularity
should be one of the main directions toward the novel recommendation approaches of

multimedia products and services.

9.1.4 An extensive evaluation of multimedia recommender

systems

To date, very limited effort has been put into the extensive evaluation of multimedia
recommender systems. The principal reason is that, apart from some recent frame-
works [269, 404] which integrate multimedia recommender systems into their pipelines,
each novel multimedia recommender system introduces its own implementation of the
proposed approach with different dataset pre-processing solutions, sampling strate-
gies, and evaluation protocols. Indeed, this may undermine the fair comparison of
multimedia recommender systems, which cannot benefit from shared and unified train-
ing and evaluation frameworks to run rigorous and reproducible experiments as in
other recommendation domains and scenarios [11, 397]. To this end, we plan to start
from the initial benchmarking analysis we proposed in this work to further assess the
reproducibility of the tested baselines. On such basis, the next steps would be to
evaluate the recommendation performance under more comprehensive experimental

settings involving, for instance, (i) a larger plethora of pre-trained deep learning models
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for the extraction of multimodal features; (ii) other multimodal datasets involving
all modalities (as our framework offers the possibility to inject visual, textual, and
audio features); (iii) a more careful evaluation of such models under beyond-accuracy

recommendation metrics [206, 207].

9.2 Graph-based recommendation

9.2.1 Topological properties in graph collaborative filtering

With reference to the work presented in [209], we plan to extend the proposed analysis
to assess the impact of topological dataset characteristics on other recommendation
metrics accounting for the novelty and diversity of the produced recommendation lists,
and potential biases and fairness issues in recommendation; this investigation may
be conducted by utilizing ad-hoc graph recommender systems specifically designed
to optimize such objectives. Furthermore, we intend to directly create the synthetic
user-item graphs from scratch with graph generator techniques which may resemble
real-world recommendation data but with desired topological properties. Finally, we
seek to investigate the impact of other topological aspects of the user-item graph on the
performance of graph-based recommender systems, such as the presence of user, item,
and user-item communities and their inter dependencies, as this direction is poorly

explored in the related literature so far.

9.2.2 Bridging recommendation and link prediction

Item recommendation (the task of predicting if a user may interact with new items from
the catalogue in a recommendation system) and link prediction (the task of identifying
missing links in a knowledge graph) have long been regarded as distinct problems. As
future research direction, we seek to show that the item recommendation problem
can be seen as an instance of the link prediction problem, where entities in the graph
represent users and items, and the task consists in predicting missing instances of the
relation type interactsWith. To this aim, we start by systematically benchmarking
some factorisation-based link prediction models on recommendation tasks against
graph-based recommendation approaches, showing that predictive accuracy of the
former is better than or competitive with most of the selected recommendation models.

Before providing the initial experimental results we obtained so far, we briefly
introduce the formalization for popular factorization-based link prediction approaches.
Then, we select three of them in our analysis, namely, DistMult [354], CP [132], and
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ComplEx [308]. Note that this preliminary work has been conducted (and is still going
further) during Daniele Malitesta’s internship at the University of Edinburgh under

the supervision of Dr. Pasquale Minervini.

Preliminaries

A Knowledge Graph G C £ X R x £ contains a set of subject-predicate-object (s, p,0)
triples, where each triple represents a relationship of type p € R between the subject
s € £ and the object o0 € £ of the triple. Here, £ and R denote the set of all entities and
relation types, respectively. However, many real-world knowledge graphs are largely
incomplete [89, 90, 97, 229] — link prediction focuses of the problem of identifying
missing links in (possibly very large) knowledge graphs.

More formally, given an incomplete graph G~ C G, where G denotes a complete
graph, the task consists of identifying the triples (s,p,0) triples such that (s,p,0) € G~
and (s,p,0) € G.

Neural link predictors

A neural link predictor differentiable model where entities in £ and relation types in R
are represented in a continuous embedding space, and the likelihood of a link between
two entities is a function of their representations.

More formally, neural link predictors are defined by a parametric scoring function
¢g: EXR xEr R, with parameters 6 that, given a triple (s,p,0), produces the
likelihood that entities s and o are related by the relationship p.

Scoring functions

Neural link prediction models can be characterised by their scoring function ¢g. For

example, in TransE [40], the score of a triple (s, p,0) is given by

g "5 (s5,p,0) = ~[ls+p—ol,, (9.1)

where s,p,0 € R¥ denote the embedding representations of s, p, and o, respectively. In
DistMult [354], the scoring function is defined as follows:

k
¢9DlStMult(8,p,O) — <S,p70> — ZS’LPZO’M (92)
=1
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where (-, -, -) denotes the tri-linear dot product. Canonical Tensor Decomposition [CP,
132] is similar to DistMult, with the difference that each entity x has two representations,

x; € RF and x, € R*, depending on whether it is being used as a subject or object:
65" (5,1,0) = (55,P,00). (9.3)
In RESCAL [230], the scoring function is a bilinear model given by:
5> A(s,p,0) = s Po, (9.4)

where s,0 € R¥ is the embedding representation of s and p, and P € R¥*¥ is the
representation of p. Note that DistMult is equivalent to RESCAL if P is constrained to
be diagonal. Another variation of this model is ComplEx [308], where the embedding
representations of s, p, and o are complex vectors — i.e. s,p,0 € CF — and the scoring
function is given by:

65 """ (5,p,0) = R((s,p,0)), (9.5)

where R(x) represents the real part of x, and X denotes the complex conjugate of x.

In TuckER [27], the scoring function is defined as follows:

g "M (s5,p,0) = W x15 X2p X30, (9.6)
where W € RFs¥kpxko ig o three-way tensor of parameters, and s € RFs, p € RFr,
and o € R* are the embedding representations of s, p, and o. For the moment, we
mainly focus on DistMult, CP, and ComplEx due to their effectiveness on several link
prediction benchmarks [140, 265].

Training objectives

Another dimension for characterising neural link predictors is their training objective.
Early neural link prediction models such as RESCAL and CP were trained to minimise
the reconstruction error of the whole adjacency tensor [161, 231, 314].

To scale to larger Knowledge Graphs, subsequent approaches such as Bordes et al.
[40] and Yang et al. [354] simplified the training objective by using negative sampling:
for each training triple, a corruption process generates a batch of negative examples by
corrupting the subject and object of the triple, and the model is trained by increasing
the score of the training triple while decreasing the score of its corruptions. More

formally, the loss is given by £(G) = (s 0) £(5,p,0) with:
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Us,po)= > [y—(s.p.0)+0(3,p,0)],, (9.7)
(8,p,0)EN(s,p,0)

where N (s,p,0) = {(8,p,0) | s £ 8} U{(s,p,0) | 0 # 6} denotes the set of triples obtained
by corrupting the training triple (s, p,0).

This approach was later extended by Dettmers et al. [90] where, given a subject s
and a predicate p, the task of predicting the correct objects is cast as a |€|-dimensional
multi-label classification task, where each label corresponds to a distinct object and
multiple labels can be assigned to the (s,p) pair. This training objective is referred to
as KvsAll by Ruffinelli et al. [265] and can be formalised as £(G) = 3¢, ce Zper £(€1,p),
with:

((e1,p) = Y BCE(es,p,e1) +BCE(e1,p, ea), (9.8)
eo €l

with BCE(s,p,0) = —(ylogp+(1—y)log(1—p)), p=0(d(s,p,0)), and y = L[(s, p,0) € G].
Another extension was proposed by Lacroix et al. [165] where, given a subject s
and an object p, the task of predicting the correct object o in the training triple is cast
a |€|-dimensional multi-class classification task, where each class corresponds to a
distinct object and only one class can be assigned to the (s,p) pair; this is referred to
as 1vsAll by Ruffinelli et al. [265], and defined as L(G) = 35 5.0y £s(5,p,0) + Lo(s,p,0),

with:

fs<87p,0):—¢(3,p70>+10g Zexp S D, 0 ) )
: (9.9)

€O<S7p70) :_¢(8ap70>+10g Zexp S P, 0 )

Regularisers

As noted by Bordes et al. [40], imposing regularisation terms on the learned entity
and relation representations prevents the training process from trivially optimising the
training objective by increasing the embedding norms. Early works such as Bordes
et al. [40, 41], Glorot et al. [112], and Jenatton et al. [143] proposed constraining the
embedding norms. More recently, Trouillon et al. [308] and Yang et al. [354] proposed
adding a Lg regularisation term on entity and relation representations to the training
objective. Lastly, Lacroix et al. [165] observed systematic improvements by replacing

the Ly norm with a nuclear tensor 3-norm.
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Item recommendation as link prediction

Note that item recommendation models can be cast as a particular case of link prediction
in Knowledge Graphs.

More specifically, user-item score predictors pg : U x Z — R can be seen as learning
a ranking between missing triples in a Knowledge Graph G, where the set of entities
corresponds to the union of the sets of users and items £ =U UZ, the set of relations
corresponds to a single relation R = {interactsWith}, and the graph G to complete is

given by the observable interactions between users and items:
G = {(u, interactsWith,s) | x,; = 1}. (9.10)

This enables the off-the-shelf application of state-of-the-art neural link prediction

methods to the item recommendation problem.

Initial experimental results

Initial experiments were conducted to test the efficacy of state-of-the-art link prediction
approaches (i.e., CP, DistMult, and ComplEx) when trained and tested for the task of
item recommendation, on the Yelp-2018 dataset already used for other publications
presented in this thesis [20, 210]. In this respect, the link prediction models were
compared against popular graph-based recommendation systems, whose results have
been directly picked from the above publications as the experimental settings were
exactly the same.

While graph-based recommender systems were tuned and evaluated through the
framework Elliot, the link prediction models were tuned and evaluated with the popular
framework LibKGE for knowledge graph embeddings [264]. However, as the latter is
designed to address the task of link prediction which, as stated, is a generalization
of the recommendation task, modifications were needed to make the link prediction
results comparable to those of item recommendation. Apart from a re-casting of the
recommendation dataset into a knowledge graph one (users and items are entities
connected through one single interaction type, interactsWith), the calculation of the
Recall@k metric was added to LibKGE, as its formulation in recommender systems is
different from those utilized in link prediction-alike tasks. As for the nDCG, LibKGE
was modified in a way the recommendation lists for each user were stored after the
training of each model. Thus, Elliot was eventually exploited to calculate the nDCGQk.

In terms of evaluation paradigm, we used the exact same train/test splitting adopted

for the training and test of the graph-based recommender systems. However, in order



9.2 Graph-based recommendation 215

Table 9.1 Results of state-of-the-art item recommendation and link prediction models trained
and evaluated for the task of recommendation. The metrics are Recall@20 and nDCG@20,
and the selected dataset is Yelp-2018.

Item Recommendation Link Prediction
Performance
UserkNN  ItemkNN NGCF DGCF LightGCN SGL UltraGCN ~ GFCF CP  DistMult ComplEx
Recall 0.0630(5) 0.0610 0.0556  0.0621 0.0629 0.0669(3) 0.0672(2) 0.0697(1) 0.0367  0.0465 0.0662(4)
nDCG 0.0528(5)  0.0507  0.0452 0.0505 0.0516 0.0552(3) 0.0553(2) 0.0571(1) 0.0293  0.0375  0.0539(4)

to perform hyperparameter tuning of the link prediction approaches, we retained the
10% of the training set as validation set, and used the Recall@20 as validation metric.
Three different validation splittings were involved to provide an as much as possible
generalization of the validation set. Regarding the explored hyperparameters, and
similarly to what done in [264], we tested three training strategies (i.e., 1vsAll, KvsAll,
and negative sampling), two losses (i.e., BCE and KL), two batch sizes (i.e., 1024
and 2048), two optimizers (i.e., Adam and Adagrad), four learning rates (i.e., 0.0001,
0.001, 0.01, 0.1), two regularizers (i.e., N3, LP), and six regularization weights (i.e.,
1e-06, 1e-05, 1e-04, 1e-03, 1e-02, 1e-01). The embedding size was kept fixed at 64 to
be consistent with the settings followed for the graph-based recommender systems.
On Yelp-2018, the results (i.e., Table 9.1) show that link prediction approaches are
quite competitive with respect to graph-based recommender systems on the task of
recommendation, especially ComplEx. Indeed, the latter model is always in the top-5
performing models in the results, outperforming powerful and recent approaches in the
recommendation literature, such as NGCF, DGCF, and Light GCN. As already stated,
the results are quite preliminary, and more careful experiments and analyses should be
taken into consideration. At the moment, we are running additional experiments on
other recommendation datasets and other recommendation models, trying to explore
larger hyperparameter spaces to uncover possible relations between specific parameter

values and improved results provided by the link prediction models (as done in [264]).

9.2.3 How powerful is adjacency normalization for recommen-

dation?

As outlined in the background section regarding graph neural networks (Chapter 3),
the normalization of the adjacency matrix has been proven to be quite beneficial for the

training of graph neural networks, also when it comes to graph-based recommendation:

Agym=D"2AD 2. (9.11)
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However, driven by the observed dependencies between topological properties (especially
degree assortativity) and recommendation performance, one natural question arises:
“how useful and powerful is adjacency normalization in recommendation?”.

The question makes even more sense if considering the frequency of co-occurrences
of degree pairs in the user-item interaction graph. Specifically, if we re-formulate the

symmetric adjacency normalization at node-level instead of graph-level, we have (e.g.,
in the case of Light GCN):

eV
el =% i (9.12)

ien \/INulING]

where we have the co-occurrence of degree |V, | and || in the same message-passing
formulation for nodes u and .

By observing the frequency of co-occurrencies of node degrees along with the contour
plot for the symmetric adjacency normalization on two recommendation datasets (i.e.,
Allrecipes and Gowalla), it becomes evident how the latter does not evidently vary in
the trend, while the former is highly dataset-dependent. This preliminary intuition
may pave the way to a re-formulation of the adjacency normalization, which could be

aware of advances topological properties of the dataset it is applied on.

9.3 Graph-based recommendation leveraging mul-

timodal information

9.3.1 Exploiting reviews on user-user and item-item graphs

Recent works [382] propose to use multimodal content data (e.g., product images
and descriptions) to build the item-item similarity graph, which has been shown
to enhance the information carried by the user-item interaction graph. Exploiting
the sole multimodal profile of items could fail to measure their similarities from the
collaborative filtering perspective. There exist other sources of information (e.g.,
users’ generated reviews) that can suitably model items similarity according to users’
actual opinions about them. We propose to exploit high-level features extracted from
reviews to infer item-item, but also user-user similarities, in the collaborative filtering
spirit: (i) users interacting with the same items may share similar preferences; (ii)

items viewed by the same users may be similar from users’ perspectives.
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The proposed framework

The proposed framework mainly builds on the preprocessing of review features to
build the user-user (U-U) and item-item (I-I) graphs. Once the two graphs have been
initialized, they can be integrated seamlessly into any recommendation backbone based

upon the learning of user and item embeddings.

Building the U-U and I-I graphs: basic intuitions

We report the basic intuitions about the U-U graph (the same applies to the I-I graph).
User u; and user ug might share similar preferences if: (B1;) their interacted item sets
have elements in common (i.e., co-occurrences); (Blz2) the polarity of the opinions they
expressed about them is aligned. In this respect, we observe some problems and/or
limitations in the current intuitions, namely: is it safe to infer that two users are similar
if they only co-interacted with very few items? What does it mean to state that the

polarity of the opinions expressed is aligned?

Building the U-U and I-I graphs: advanced intuitions

We come up with more advanced intuitions. Two users u; and ug might share similar
preferences if: (Al) their clustering coefficient (intersection over union/max/min)
is close to 1; (Al) the number of co-interacted items over the average number of

co-interacted items is close to 1.

Introducing review features

Previous works [62, 286] have shown that reviews can convey the multi-faceted opinions
that user have on products they interacted with. This is more than a simple rating
value. For this reason, we: (i) extract high-level features from reviews through pre-
trained sentiment analysis deep neural networks; (ii) measure the similarity (cosine
similarity) among reviews that u; and wug have written about the same items; (iii)
sum such similarities across all co-interacted items for u; and wug; (iv) weight such a
value according to the clustering coefficient (intersection over union/max/min), or the

number of interacted items over the average number of co-interacted items.

Ablation study and sparsification

To actually demonstrate the rationale of our proposed approach, we also decide to test

the framework on other weighting settings: no weight with sum of cosine similarities
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among review features; same weighting procedures as above but with ratings (encoded
through binary notation) instead of review features; no weight with sum of cosine
similarities among ratings (encoded through binary notation) instead of review features.
As observed by previous works [382], the obtained user-user similarity matrix could be
too much dense. We apply knn-based sparsification (top-k is set from 10 to 100 with
10 as step).

Framework training

Once the U-U and I-I similarity graphs are built, we freeze them during the framework
training. Given a backbone (e.g., matrix factorization), we perform the following step
(for each batch): (i) propagate user and item similarity embeddings on the U-U and
I-I graphs (Light GCN layer for the message passing); (ii) aggregate such embeddings
on the usual collaborative ones through a weighted sum (alpha and beta coefficients
as hyper-parameters to perform such a weighted sum on user and item, respectively);

(iii) predict the user-item score on the batch according to the backbone.

9.3.2 A feature propagation approach for missing modalities

As already discussed in the open challenges from Chapter 4, the unavailability of
modalities in multimodal-aware recommendation represents one of the most debated
issues in the current literature. However, to the best of our knowledge, very few and
domain-specific solutions [317] have been proposed in the literature so far.

Given that most of the recent approaches in multimodal-aware recommendation are
built upon graph neural network architectures, we take into account the recent work
by Rossi et al. [263]. In the paper, the authors propose a simple but effective approach
to deal with missing node features in graph representation learning by proposing a
feature propagation approach as preliminary phase before the actual training of the
model for the downstream task. Let us suppose to be addressing a classical task
involving graph neural networks, for instance, node classification; then, let us assume
that a certain percentage of the node features are missing from the original graphs.
The authors’ intuition is to run a preliminary multi-step feature propagation procedure

to approximate the missing node features through:
EMD = AED), (9.13)

where, for the sake of simplicity, we indicate the features for all nodes as E, and the

adjacency matrix as A. Repeating the feature propagation for a certain number of steps
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allows to obtain an approximated representation for the missing features (the existing
ones are not modified after the complete feature propagation), reaching comparable if
superior performance to the ones obtained by other similar existing strategies.

Inspired by the same strategy, we decide to apply feature propagation in the
recommendation setting where some multimodal features of items may be missing.
Limiting the analysis to a two-modalities setting (e.g., visual and textual) two cases
may occur: (i) a percentage p of features is missing from both the modalities, (ii) a
percentage p; and a percentage py are missing from the visual and textual modalities.
Note that, to apply the feature propagation approach, we should first cast the solution
proposed in [263] to the recommendation scenario, which involves a bipartite and
undirected graph. As the feature propagation approach has been specifically tailored
to monopartite graphs, we first propose to obtain the projected item-item graph from
the user-item one. Then, feature propagation may be applied for a certain number of
iterative steps.

We performed some preliminary experiments by considering the model proposed
in [336] (called MMSSL) on the Amazon Baby dataset. For simplicity, we limit our
investigation to the case in which an equal percentage of missing features is missing for
both modalities. Note that having a p% of missing modalities on both modalities means
to have p% random items from the catalogue whose visual and textual modalities
are missing. Results against shallow feature replacement approaches (e.g., put all
missing features to zero, consider the mean of the existing features, and put the missing
feature at random) show some interesting insights (see Figure 9.3). Indeed, the feature
propagation approach seems to perform slightly better (in some cases much better)

than the other baselines, paving the way to more nuanced analyses and experiments.
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Fig. 9.2 Contour plot of the symmetric adjacency normalization (left-side in each subfigure)
alongside the node degree co-occurrence (right-side in each subfigure) for (a) Allrecipes and
(b) Gowalla datasets.
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Fig. 9.3 Feature propagation applied for varying percentages of items with missing modalities
for the MMSSL model trained on Amazon Baby.
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